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ABSTRACT OF THE THESIS 
WILDFIRE ASSESSMENT USING FARSITE FIRE MODELING: A CASE STUDY IN 
THE CHIHUAHUA DESERT OF MEXICO 
by 
John Brakeall 
Florida International University, 2013 
Miami, Florida 
Professor Jeffrey Onsted, Major Professor 
The Chihuahua desert is one of the most biologically diverse ecosystems in the 
world, but suffers serious degradation because of changes in fire regimes resulting in 
large catastrophic fires. My study was conducted in the Sierra La Mojonera (SLM) 
natural protected area in Mexico. The purpose of this study was to implement the use of 
FARSITE fire modeling as a fire management tool to develop an integrated fire 
management plan at SLM.  
Firebreaks proved to detain 100% of wildfire outbreaks. The rosetophilous scrub 
experienced the fastest rate of fire spread and lowland creosote bush scrub experienced 
the slowest rate of fire spread.  March experienced the fastest rate of fire spread, while 
September experienced the slowest rate of fire spread. The results of my study provide a 
tool for wildfire management through the use geospatial technologies and, in particular, 
FARSITE fire modeling in SLM and Mexico. 
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CHAPTER 1  
OVERVIEW AND INTRODUCTION 
1.1 Chihuahua Desert Fire Ecology  
The Chihuahua desert is the largest desert in North America, extending 
throughout the southwestern United States and northern Mexico (World Wildlife Fund, 
2011). The Chihuahua desert is the most biologically diverse desert within the western 
hemisphere and among the most biologically diverse ecosystems in the world (Pronatura 
et al., 2004). Its very high species diversity and endemism is a consequence of unique 
geology and topography that is unlike any other desert (Chihuahuan Desert Education 
Coalition, 2011). The desert is very important because of its biological wealth, but also 
represents an important international conservation effort between the United States and 
Mexico (Pronatura et al., 2004). Conservation groups are developing international 
alliances between Mexico and the United States to conserve this vast and rich ecosystem.  
These conservation efforts are very important because estimates from the Commission 
for Environmental Cooperation (CEC) suggest that between 50-70% of the land in the 
Chihuahua desert are in some state of degradation (2011).  One of the most significant 
causes of this land degradation is a result of the changes in fire regimes.  
These changes in fire regimes began during the 16th century with the conquest of 
Mexico by Spain. The European ideology of fire suppression became the way of the land 
until research came out in the 20th century suggesting the reintroduction of fire (Loucks, 
1970). By this time fuels/dead organic material had built up in the natural environment 
and many ecosystems had reached a climax state (Pyne, 1992; Pyne 2001). When fire 
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was reintroduced into the Chihuahua desert the environmental effects were highly 
undesirable. 
The Chihuahua desert is not adapted to the intensity of current 21st century fires 
(Ansley, 2011). As a result of the accumulation of fuels for several centuries, fires are 
now burning hotter, longer, and more frequently than historical fire regimes (Ibid). 
Moreover, plant communities in the Chihuahua desert have reached a climax state and 
age diversity has largely disappeared throughout the ecosystem (Ibid). When fires do 
occur, mortality is high and the ecosystem suffers from low age diversity. The 
regeneration process is slow because of low fertility levels in adult plants. These open 
niches have allowed for the introduction of some highly invasive grasses including the 
African love-grasses (Eragrostis sp.). Additionally, these high intensity fires have 
exacerbated effects on soil quality and erosion (Ansley, 2011; Esque et al., 2010; 
Fleischner, 1994).  
The key to ecosystem health in the Chihuahua desert is an integrated fire 
management plan that mitigates hazardous high intensity fires while slowly reintroducing 
fire into the ecosystem. Two common fire management techniques include firebreaks to 
stop large devastating fires and prescribed burns to slowly restore fire to its historic 
regime. 
1.2 Fire Management 
A firebreak is a barrier or a removal of fuel designed to stop the spread of fire 
(Green, 1977). The use of firebreaks as a fire management tool has been around since 
1866 (Ibid). Anthropogenic firebreaks are commonly used because fire managers can 
strategically choose the most beneficial location for the firebreak. Firebreaks are now 
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used on all continents (except Antarctica) and a variety of ecosystems (Omi, 1996). 
However, there are no standardized rules in the location, size, or construction of 
firebreaks (Agee et al. 2000). With firebreaks there are many variables to consider such 
as terrain, weather, fuels, and historic fire regimes (Agee et al., 2000; Omi, 1996). 
Consequently, firebreaks can be a great fire management tool, but require proper 
planning to be effective.  
Another commonly used fire management tool is the use of prescribed burns. 
Prescribed burns are planned fires designed to simulate historic fire regimes and reduce 
the severity and damage of natural wildfires (Richards & Hay, 2007). The use of a 
prescribed fire can be a very beneficial tool when dealing with post fire plant 
communities such as those in the Chihuahua desert (Ansley, 2011). These prescribed fires 
can be low intensity and restore vitality to these once fire dependent ecosystems (Ibid).  
The main objective of my study is to implement FARSITE fire modeling to assist 
with fire management at the Sierra La Mojonera (SLM) natural protected area in San Luis 
Potosí, Mexico. The software technology will be used to determine if current firebreaks 
are effective in detaining fire. The FARSITE model will also be used to determine when 
the safest month is for implementing prescribed burns as a means of slowly reintroducing 
fire into the SLM and which month is the most vulnerable to catastrophically large fires.  
Lastly, FARSITE modeling will be used to determine which vegetation type/sub-
ecosystem is the most vulnerable to fire.  
My study will establish the use of GIS technologies and FARSITE modeling for 
wildfire management practices within the SLM natural protected area. FARSITE fire 
modeling software has been used extensively throughout the United States portions of the 
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Chihuahua desert, but has rarely been applied throughout Mexico. The intention of this 
study is to advance the use of FARSITE in Mexico and the Mexican Chihuahua desert. 
The expectation is that FARSITE modeling will become the authority for fire 
management decisions in SLM and provide innovation for further use of FARSITE 
within Mexico’s Comisión Nacional de Áreas Naturales Protegidas (CONANP). 
1.3 Research Objectives 
I propose the use of FARSITE wildfire modeling in the SLM natural protected 
area to: 
 Determine if current firebreaks are effective. 
 Determine which month is the safest to implement prescribed burns and which 
month is most susceptible to catastrophic fire based on rates of fire spread. 
 Determine which vegetation types/sub-ecosystems within the protected area will 
experience the fastest rate of fire spread. 
1.4 Hypotheses  
 Hypothesis 1: Current firebreaks are sufficient to contain current fire intensity.  
Hypothesis 2: Vegetation types with greater biomass will experience faster fire 
spread.  
Hypothesis 3: Prescribed burns should be conducted in the months of late fall such as 
October. The month of April will experience the fastest rate of fire spread. 
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CHAPTER 2 
 LITERATURE REVIEW 
2.1 Background 
Fire has always been an integral part of ecology throughout an array of 
ecosystems. However, there has been a significant increase in the number of catastrophic 
wildfires occurring globally (Food and Agricultural Organization of the United Nations, 
2001). In fact, many of these catastrophic fires have been classified as mega-fires, which 
are characterized by their inability to be controlled regardless of control efforts or 
resources used (Williams, 2004). Mega-fires now account for 90% of land burned and 
80% of suppression costs in the United States (Williams, 2004). As a result, wildfire 
suppression costs have grown exponentially (Ingalsbee, 2010). The United States Forest 
Service’s spending on wildfire suppression rose from $300 million in 1997 to $1.5 billion 
in 2006 (Cohan & Burnett, 2008). More importantly, since 2004 greater than 3,000 
people have died each year in the United States alone from wildfires (United States Fire 
Administration, 2011). These catastrophic wildfires pose a serious threat to economies, 
ecology, and human life globally and not just in the United States. A recent catastrophic 
mega-fire in southeast Australia burned 2,200 square kilometers in late 2009 killing over 
200 people and destroying 750 homes (Associated Press, 2009). There are several culprits 
contributing to the increased severity of wildfires with climate change and the 
accumulation of biomass within ecosystems at the forefront (Liu et al., 2010). These 
culprits have negatively affected fire regimes in many ecosystems, including drylands.  
Drylands, which include semi-arid deserts, cover over 40% of the earth’s land 
surface. These dry lands are home to over 2 billion people, largely within the developing 
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word (MEA, 2005). Deserts are often viewed as lifeless wastelands, but in reality contain 
some of the most highly specialized species (National Parks Service, 2011). Deserts 
contain a wide variety of biodiversity as well as an array of economically viable 
resources. However, it is estimated that 70% of these drylands are affected by land 
degradation, according to the United Nations Convention to Combat Desertification 
(1992). The leading causes of degradation include climate change, overgrazing, changes 
in fire regimes, and unsustainable land cultivation practices (Nicholson, 1998). Many of 
the aforementioned causes of degradation work in tandem to degrade desert ecosystems. 
This is no exception for the Chihuahua desert, which is estimated to have between 50-70 
percent of its land in a state of degradation (CEC, 2011). 
The Chihuahua desert is the largest desert in North America extending throughout 
the southwestern United States and northern Mexico (WWF, 2011). The Chihuahua 
desert contains very high species diversity and endemism as a consequence of its unique 
basin and range topography and high elevation (Chihuahuan Desert Education Coalition, 
2011). The average elevation throughout the Chihuahua desert is 4,500 feet (1,372m) 
above sea level. As a result of these unique circumstances, the Chihuahua desert contains 
over 3,500 species of plants, 176 species of mammals, 156 species of reptiles, 46 species 
of amphibians and over 500 species of birds (Findley & Caire, 1974; Phillips, 1974; NPS, 
2011). There are greater than 1,000 endemic plant taxa in the Chihuahua desert, many of 
which are cacti (Pronatura et al., 2004). In particular, the Chihuahua desert contains 345 
cacti species of the 1,500 species known worldwide making it the quintessential locus of 
cacti diversity (Hoyt, 2002; NPS, 2011). In short, the Chihuahua desert is one of the most 
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biologically diverse deserts in the world as well as one of the most endangered (Hoyt, 
2002).  
Many of the problems that threaten the Chihuahua desert today began at the 
beginning of the 16th century. A large anthropogenic revolution occurred in the 
Chihuahua desert at this time with the arrival of Europeans to the New World (West, 
2000). The Spanish conquest of Mexico during the early 16th century induced a 
revolution in agricultural practices and land management. Changes included the 
introduction of domesticated grazing animals like sheep, goats, and cows as well as the 
exclusion of fire from natural landscapes (Rodríguez-Trejo, 2011; Pyne, 1992; Pyne 
2001). Excessive grazing of domesticated sheep, goats, and cows as well a change in fire 
regimes became the way of the land for the next 400 years (West, 2000).  
The centuries of livestock overgrazing coupled with altered fire regimes has 
allowed woody shrubs to encroach on perennial grasslands. Native woody shrubs like 
mesquite (Prosopis glandulosa), creosote bush (Larrea tridentata) and others have 
flourished in many areas that were historically grasslands (Havstad, 2010; Peters, 2006; 
Sauer, 1950; Humphrey, 1963; McPherson, 1995). Meanwhile, fire suppression, 
associated with increasing population, land development, and misinformation about fire 
lead to an accumulation of ‘fuel’ within the ecosystem. Moreover, many of the species 
that were introduced from European colonization became naturalized or, in some cases, 
invasive. Species of fire tolerant invasive grasses like African love-grass (Eragrostis sp.) 
have proliferated, replacing native grasses (Abella, 2009). These changes in the 
Chihuahua desert of northern Mexico have greatly impacted the dynamics of this 
ecosystem. 
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A more recent phenomenon that has altered fire regimes in the Chihuahua desert 
includes climate change. Climate change is exacerbating disturbance regimes and thereby 
accelerating vegetation change (Fulé, 2008). The rapid alterations in ecology as an 
outcome of climate change in tandem with non-native biotic factors may create a 
condition never before seen in evolutionary history (Ibid). The effects from climate 
change are not uniform throughout the world. A study conducted by Seager et al. (2007) 
ran climatic models to predict climatic changes for various regions and ecosystems. The 
findings revealed that the average of 19 climate models consistently predict increased 
drying within the Chihuahua desert of the southwestern United States and northern 
Mexico (Seager et al., 2007). These findings come as no surprise considering the severity 
of drought-like weather the Mexican Chihuahua desert has recently endured. 
Increased understanding of fire ecology throughout the 20th century has allowed 
land managers to reintroduce wildfire into natural ecosystems at perceived pre-
Columbian disturbance regimes (Loucks, 1970). The hope is to restore ecosystems to 
their historical fire regimes as many studies suggest that these ecosystems are fire 
dependent (Wooton, 1916; Humphrey, 1958; McPherson, 1995). However, the intensity 
and frequency of fires and their subsequent effects are not the same as the pre-Columbian 
era. Historic fire patterns in the Chihuahua desert are characteristic of being low intensity 
and having a small spatial extent (Havstad & James, 2010). These characteristics are no 
longer the case in the Chihuahua desert. Due to the aforementioned changes in this 
environment, the ecological and economical results of fire can now be devastating (Pyne, 
1992).  
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 In 2011, Mexico experienced their worst drought and fire season within the past 
70 years (Rhoda & Burton, 2010). The lack of rain and frost throughout the 2010-2011 
winter left plants dry and vulnerable to fire. The results were several mega-fires through 
the spring season in northern Mexico. One particular fire in April burned 250 square 
kilometers and required emergency response from the United States and Canada (Rhoda 
& Burton, 2010). The Mexican government spent over $30 million USD in combat 
efforts (Cárdenas, 2011), which accounted for nearly half of their annual budget of $65 
million allocated to combat wildfire (Rhoda & Burton, 2010). The findings from Seager 
et al. (2007) as well as others (Gebow & Halverson, 2005) suggest that the recent 
droughts within this region may become the new norm. If this is the case, the Chihuahua 
desert will face more catastrophic fire seasons, like 2011.  
 
Figure 1: Total area of desert-land affected by fire annually (1999-2011) in the republic 
of Mexico (Comisión Nacional Forestal, 2011).  
 
2.2 Environmental Implications of Fire 
The accumulation of biomass from fire suppression and the naturalization of 
invasive plants in the environment have fires burning hotter, longer, and more frequently 
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than pre-Columbian fires. The vegetation in the Chihuahua desert is not adapted nor is it 
dependent upon the intensity of current fires (Ansley, 2011). The ecosystem is 
historically adapted to fire, but since fire was removed for hundreds of years fuels have 
built up and age diversity within the ecosystem has disappeared (Ansley, 2011). There is 
now little to no age diversity within the Chihuahua desert because all individuals within 
each species have grown to maturity. When fires do occur, damage is vast and the 
ecosystem starts entirely from youth. Subsequently, ecosystem diversity plummets. 
Under normal fire regimes, a large number of species may die within the area affected by 
fire (fire scar), but will become re-colonized by neighboring cohorts from adjacent non-
burned patches (Pianka, 1992). The natural cycle becomes disturbed when fuel builds up 
and fires spread further making re-colonization more difficult. Moreover, this cycle is 
retarded when fire is reintroduced into a climax ecosystem like the Chihuahua desert 
(Ansley, 2011). Fertility levels of older specimen are lower leaving post-fire recovery to 
be much slower in the face of catastrophic fire (Ibid). Without age diversity in an 
ecosystem ecological health suffers. The slow recovery of native species also provides an 
open niche for their displacement by invasive species.  
There are also critical effects on soil stability that are caused from larger and more 
intense fires (Ansley, 2011). After fire, there is little to no vegetation left to hold the soil 
from wind and water erosion. The result is typical in all ecosystems after fire, but it is 
highly detrimental to desert ecosystems as erosion is already viewed as a large threat to 
desert ecosystems (Fleischner, 1994). Furthermore, many studies have found that fire-
induced soils have decreased hydraulic conductivity (K) after burns (Doerr et al., 2000; 
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Ravi et al., 2006; Ravi et al., 2009). The phenomenon causes the soil to repel water and 
lead to increased soil erosion.  
Other important adverse soil effects of fire in the Chihuahua desert include the 
loss of soil organic matter and loss of soil seed banks in the shallow soil layers (Abella et 
al., 2009). The result is very important as seed banks represent the future potential for 
plant populations (Esque et al., 2010). Todd Esque et al. (2010) found seed bank 
mortality rates of 55-80% for species found in the Chihuahua desert. Other research 
suggests that seed damage is dependent upon the duration and intensity of fire 
temperature (Esque et al., 2010; McKell et al., 1962). Increased intensity of fire has 
negatively affected seed bank fecundity in the Chihuahua desert.   
One of the most valuable environmental resources within the Chihuahua desert is 
the biological diversity in cacti, which are notoriously poorly adapted to fire (Oldfield, 
1997). With increased temperature and intensity of fires, endangered cacti populations 
will likely decrease. Previous studies have found high mortality rates in many species of 
cacti after fire (Worthington & Corral, 1987). A study by Thomas found cacti mortality to 
be significantly higher in years with dense annual vegetation from heavy rains (1991). 
These findings may suggest that ecosystems with uncharacteristically high fuel will have 
greater cacti mortality.  
Other studies have found high rates of cacti mortality (over 50%) in the presence 
of fire (Worthing & Corral, 1987; Humphrey, 1963; Trabaud, 1987). The species Opuntia 
imbricata, which has been placed on the Norma Oficial Mexicana-059 list of endangered 
species by the Mexican government, was found to have a mortality rate of 70% in the 
presence of fire, according to a study by Worthington and Corral (1987). Also, cacti do 
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not store seeds in a seed bank (Humphrey, 1974), which proves cacti to be even more 
vulnerable to fire. These threats are very important to consider in land management 
decisions as the country of Mexico has the greatest biological diversity and endemism of 
cacti in the world (Hernandez & Godinez, 1994). Similarly, Mexico has the greatest 
number of endangered species of cacti in the world (Ibid).  
The introduction of invasive species is another ecological threat, which is indirect, 
yet imminent. Livestock overgrazing has proven to be one of the most pervasive land use 
changes through the semi-arid deserts of North America (Brooks & Pyke, 2002). The 
effect of overgrazing has been very influential on fire. The centuries of excessive grazing 
of forage plants has decimated populations of native grasses. The change has lead to the 
displacement of invasive species into the open niches of native grasses (Elton, 1958; 
Simberloff, 1995). These invasive grasses are able to utilize soil resources at faster rates 
than natives (Eissenstat & Caldwell, 1988; Melgoza & Nowak, 1991). Subsequently, 
invasive annual grasses that have become naturalized in this region now outcompete 
native annual grasses of the Chihuahua desert (Inouye, 1980; Pake, 1993; Brooks, 2000).  
One genus of invasive grasses that has permeated the Chihuahua desert includes 
the genus of African love-grasses (Eragrostis sp.). These grasses proliferate with frequent 
fire and recover more quickly than native species after fire (Pase, 1971; Martin, 1983). 
Moreover, African love-grasses are believed to increase the risk of fire because they 
produce greater biomass than native grass species (Cox et al., 1990; Anable et al., 1992). 
The fire resiliency and aggressive nature of this genus presents a risk of a positive 
feedback of the proliferation of African love-grass and heightened intensity of fire 
(Anable et al., 1992).    
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2.3 Area of Interest 
Sierra La Mojonera is a natural protected area containing 9,201 hectares located 
on the border between the states of San Luis Potosí and Zacatecas in a region known as 
the ‘altiplano’ or high-plains of northern Mexico (Comisión Nacional de Áreas Naturales 
Protegidas, 1981). The region of the altiplano is located in the southeastern edge of the 
Chihuahua desert (Figure 2). Sierra La Mojonera contains a wealth of natural resources. 
Within the region there are roughly 25 endangered floral species and 7 endangered faunal 
species. Several different types of shrub and grassland vegetation types are present in 
SLM to support the variety of flora and fauna. In fact, this southeastern most portion of 
the Chihuahua desert is perceived as the quintessential example of cacti diversity. The 
region once provided a refuge from extreme climatic changes, which allowed for an array 
of speciation events (Rzedowski, 1991).  The result was a high level of biological 
diversity and endemism in species, in particular cacti (Oldfield, 1997). The region is now 
considered one of the richest and oldest centers of plant evolution and speciation within 
all of North America (Johnston, 1977).  
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Figure 2: Map of the Natural Protected Area, SLM. 
 
The altiplano region receives a mere 300-500mm (11.75in. -19.75in.) of rainfall 
annually, with the majority of the precipitation coming in the summer months (Instituto 
Nacional de Estadística y Geografía, 2009). Subsequently, January through May is 
considered the dry season throughout the Chihuahua desert region in Mexico. During this 
period, many wildfires occur throughout the Mexican Chihuahua desert. 
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2.4 Current Environmental Management 
The SLM is managed by the Matehuala regional office of the Comisión Nacional 
de Áreas Naturales Protegidas (CONANP). The CONANP is a Mexican government 
agency under the advisement of the Secretaría de Medio Ambiente y Recursos Naturales 
(CONANP, 2011). The objective of CONANP is to manage the country’s natural 
protected areas with an aim of reducing poverty and marginalization of rural communities 
present within the natural protected areas (CONANP, 2011). Although there are no 
inhabitants living within the borders of the SLM natural protected area, the land is jointly 
owned by 8 different ejidal communities. These ejidal communities live just outside of 
the natural protected area, but retain the property ownership and a voice in the 
management decisions carried out by CONANP for the SLM natural protected area. 
Ejidal land is land that was granted to individual communities by the Mexican 
government, but the government still retains legal ownership of the land (Hudson, 1991). 
The complicated and dynamic laws of ejido land can make management decisions 
difficult, but guarantees the ejido communities maintain a voice in land management 
decisions as well as employment opportunities through Temporary Employment Projects 
(PET) in the SLM natural protected area. 
The CONANP carries out various PET projects designed to fulfill the objective of 
managing the SLM natural protected area. These projects are designed by the CONANP 
office and executed by members of the ejido communities. One of the main PET projects 
that are carried out every year is the development of firebreaks to mitigate the effects of 
wildfire. 
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 There are currently three different ejidos that are involved with projects to 
construct firebreaks. These same ejidos are involved in monitoring projects to spot the 
potential outbreak of fire. Table 1 provides a summary of past PET projects and their 
respective financial budget. 
Year 
Community 
(Ejido) Project type 
Financial allocation 
(MXN pesos) 
Financial allocation 
(US Dollars) 
2010 El Gallo  
Construction of 
firebreaks and fire 
monitoring 139,270.08 11,605.00 
2010 Huertecillas 
Construction of 
firebreaks and fire 
monitoring 185,693.43 15,474.00 
2010 Los Encinos 
Construction of 
firebreaks and fire 
monitoring 139,270.08 11,605.00 
2011 El Gallo 
Construction of 
firebreaks and fire 
monitoring 144,000.00 12,000.00 
2011 Huertecillas 
Construction of 
firebreaks and fire 
monitoring 192,000.00 16,000.00 
2012 Huertecillas 
Construction of 
firebreaks and fire 
monitoring 198,866.00 16,572.00 
2012 Los Encinos 
Construction of 
firebreaks and fire 
monitoring 149,142.00 12,428.00 
2012 El Tepetate 
Construction of 
firebreaks and fire 
monitoring 149,142.00 12,428.00 
Table 1: Summary of projects and financial allocations for wildfire projects in the SLM 
natural protected area.  
 
Current wildfire management decisions for the SLM are executed rather 
haphazardly. For each firebreak constructed there is a meeting conducted between the 
CONANP office and voluntary participants of the participating ejido community. 
Meetings generally last 2 hours to determine the general location and length of the 
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firebreak. During this meeting a small group of men is also selected to provide fire 
vigilance for the SLM natural protected area.  
The location and length of firebreaks are usually chosen based on accessibility 
and simplicity of construction. This is partly a result of the restrictive budget, but more 
importantly because of the lack of knowledge about best management practices within 
the discipline of wildfire management. These meetings are also centralized on the 
ideology of complete fire removal from the ecosystem due to catastrophic wildfires in the 
past. However, the continued suppression of fire from the ecosystem may be exacerbating 
catastrophic incidences of fire.  
2.5 Proposed Environmental Management 
Assessing fire behavior and risks can be very difficult because of heterogeneity in 
topography, vegetation types, and climate (Keane et al., 1998). Fire behavior is highly 
dependent upon changes in slope, aspect, fuel, and weather conditions (Ibid). The use of 
GIS technologies and fire modeling software can be used to assess the characteristics of 
fire based on environmental variables for best management practices in the field of fire 
management.  
2.6 Fire Modeling Programs 
Currently, there is a number of popular fire modeling programs available that 
incorporate various fire-spread models (Andrews, 2007). The point model is utilized in 
the Behave and BehavePLUS fire model programs. The Behave models and its point 
model are considered to be the most simplified programs because they do not track fire 
behavior over time or space (Andrews, 2012). As a result, several fire-models were 
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released that feature the cellular automata (CA) model to compensate for shortcoming in 
the point model.  
The CA model has become the most commonly used model to simulate fire 
growth in fire modeling (Bodrožić, 2005). In this model, a two-dimensional rectangular 
matrix represents the fire model landscape (Kourtz & O'Regan, 1971; Kourtz et al., 
1977). Each cell within the landscape is analyzed as having homogenous conditions. Fire 
spread occurs from the transition from one burning cell to eight neighboring cells in a 
rectangular grid. Fire spread is thus limited to 8 directions and always results in an 
octagonal fire shape (Fire Research & Management Exchange System, 2010). The 
cellular model simulates fire growth as a discrete process of individual ignitions across a 
regularly spaced grid landscape (Finney, 1998). The theory of percolation is used for 
calculating probabilities of transition in CA models (Kourtz & O'Regan, 1971; Kourtz et 
al., 1977). The CA model is limited in its ability to accurately model the curve shape of 
fire-fronts due to its raster format. Moreover, current CA programs available, like those 
shown in Table 2, track fire behavior spatially, but do not track fire behavior over time 
and assume weather conditions are fixed (Bodrožić, 2005). 
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System 
Condition 
(Variation 
in time) 
Condition 
(Variation 
in space) 
Duration 
specification Input Modeling Output 
Computer 
access 
Behave 
PLUS Constant Uniform 
Elapsed time 
for size or 
spread 
distance 
Interactive 
user input; 
generally 
ranges of 
values 
Separate, 
independent 
calculation 
for each cell 
of a table or 
point on a 
graph 
Tables, 
graphs, simple 
diagrams 
Personal 
computer 
FlamMap Constant 
Variable 
across the 
landscape 
No time 
duration in 
the modeling 
Spatial (GIS) 
fuel and 
terrain data 
Separate, 
independent 
calculation 
for each 
point/pixel 
on the 
landscape 
Map of 
potential fire 
behavior for 
every point on 
the landscape 
Personal 
computer 
FARSITE 
Vary 
diurnally 
and by 
day 
Variable 
across the 
landscape 
Hours/days 
of active 
burning. 
Spatial 
(GIS), fuel, 
terrain, etc. 
data 
Fire growth 
simulation 
Maps of fire 
growth, 
perimeter, 
intensity, etc. 
Personal 
computer 
FSPro Vary by day 
Variable 
across the 
landscape 
Hours/days 
of active 
burning 
User-defined 
fuel moisture 
and wind 
Fuel 
moisture and 
wind 
sequences 
from 
climatology 
Map of 
probability of 
the fire 
reaching each 
point by the 
end of the 
simulation 
period 
‘High end' 
computers 
with internet 
access by 
authorized 
analysts 
Table 2: Summary of BehavePLUS, FlamMap, and FSPro fire modeling programs that use the CA surface fire      
growth model (Andrews, 2007). FARSITE included for comparison.
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The shortcomings of the CA model are answered by the incorporation of the 
Huygen’s Principle (Finney, 1998). The CA model and its raster format are largely 
unsuccessful in reproducing two-dimensional shapes and growth patterns when the 
environmental variables become heterogeneous (Finney, 1998; French, 1992). In 
particular, the cellular model is inadequate in responding to environmental variables in a 
temporal manner, e.g. shift in wind speed. The number of neighboring cells can be 
increased to improve the fire shape, but the distortion will still remain (Fire Research & 
Management Exchange System, 2010). The Huygen’s Principle provides the vector or 
wave approach in which the fire front is propagated as a continuously expanding fire 
polygon (Anderson et al., 1982). Ultimately, the Huygen’s Principle uses the fire 
environment at each vertex of the fire perimeter to dimension an elliptical fire wavelet at 
each time-step. Therefore, at each vertex the fire front is assumed to be independent of all 
others (Finney, 1998). The vector approach eliminates the need to estimate fire spread to 
the nearest cell. In the model, wind and slope vectors determine fire direction and shape 
while the size is determined by the spread rate and time-step (Finney, 1998). 
Currently, FARSITE, FSPro, and Prometheus (Tymstra et al., 2010) fire models 
utilize the Huygen’s Principle. FSPro provides all the same capabilities as FARSITE, but 
requires resources that were unattainable for this study. Prometheus uses the Canadian 
Forest Fire Danger Rating System, which uses vegetation-types in Canada. FARSITE 
uses the National Fire Danger Rating Systems and fire behavior prediction fuel models, 
which were developed by Rothermel (1972) using vegetation-types in the United States. 
Subsequently, FARSITE was chosen for this study as it contains fuel models for the 
Chihuahua desert.  
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2.7 FARSITE Fire Simulator 
The FARSITE system is the best fire modeling software because it attempts to 
integrate the many aspects of fire behavior into an all encompassing fire modeling 
program (Finney, 1998). By using terrain, weather, and fuel data to model fire spread 
through space and time, FARSITE provides unparalleled modeling opportunities. 
Moreover, FARSITE simulates models for surface fire spread (Rothermel, 1972), crown 
fire spread (Van Wagner, 1977), spotting (Albini, 1979), point source acceleration, and 
fuel moisture (Finney, 1998).  
The FARSITE program can be used for simulations of past fires, simulation of 
current fires, or simulation of potential fires (Finney, 1994). Subsequently, FARSITE has 
been used to carry out a variety of different research objectives. Some applications 
include fire succession models (Keane et al., 1999), quantifying the difference between 
historic and current fire spread (Duncan & Schmalzer, 2004), and assessing the effect of 
silvicultural and fuel treatments on potential fire behavior (Stephens, 1998). The 
FARSITE program has become one of the most widely used in the world and is the 
model used by many land management agencies in the United States, including the US 
Forest Service (Keane et al., 2000). 
2.7.1 Limitations 
Despite the efficacy of producing accurate fire models, the FARSITE modeling 
program contains several limitations. These limitations are largely the result of the 
assumptions the program makes when producing models. These assumptions are made 
throughout different algorithms of the FARSITE modeling program.   
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The open wind data provided for the model are assumed to run parallel to the 
terrain and are assumed spatially constant. However, these values can vary in both speed 
and direction over time. Similarly, daily precipitation values are assumed to be uniform 
across the landscape.  
Weather input data requires daily maximum and minimum temperature and 
humidity. The temperature and humidity observations are interpolated with a sine-curve 
(Rothermel et al., 1986). Thus, the model assumes maximum temperature and minimum 
humidity are coincident. Although it is likely true for most circumstances, it is likely 
incorrect during times of precipitation.  
As previously mentioned, FARSITE uses the Huygen’s Principle to simulate fire 
growth. The model assumes the pattern of fire spread is an elliptical wave (Finney, 1998). 
Previous studies suggest that this model is fairly accurate in homogenous conditions 
(Anderson et al., 1982; French, 1992) and in complex conditions (Sanderlin & 
Sunderson, 1975). However, other studies suggest that FARSITE over-predicts the spread 
of fire (Rothermel, 1972). The problem may be contributed to inaccuracies within fuel 
moistures, fuel descriptions, and weather inputs. These inaccuracies may have the 
tendency to overestimate fire spread rate (Finney, 1998). The problem may be 
exacerbated with the following problem with the fire spread model; fire arrival and 
spread at a given point within the landscape are dependent upon the behavior and travel 
time en route to that particular location (Finney, 1998). Subsequently, any errors will 
accrue over distance and time within the model (Ibid). These errors will occur regardless 
of the accuracy in spatial and temporal data, but may become magnified by input errors 
(Ibid).   
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Another limitation with FARSITE is the homogeneity within the fuel model. The 
model assumes each fuel model is homogenous and ignores potential variations (Finney, 
1998). Therefore, if there is a discontinuity in fuel within the landscape, e.g. a large rock 
outcropping, the FARSITE model will not recognize this discrepancy. Also, the accuracy 
of the fuel model is highly dependent upon the accuracy of the fuel map (Massada et al., 
2009). When fuel maps are not accurate, there is a large margin of error within the results 
(Ibid). It is therefore up to the user to assign fuel models that are spatially accurate and 
represent the proper land cover type.  
2.8 Previous FARSITE Studies 
The designing of a prescribed burn is a principal objective for many land 
managers when it comes to fire planning. The FARSITE output can be a very useful tool 
in the design of controlled burns as it was designed for planning and management of 
these fires (Finney, 1994). In fact, Finney and Andrews affirm that fire planning was the 
original objective and remains to be the most commonly used application for FARSITE 
(1999). A study by Omi et al. (1999) assessed the cost effectiveness of prescribed fires by 
developing a fuel model for before the implementation of prescribed fire treatments and 
after. Fire simulations through FARSITE estimated the difference in fire intensity and 
evaluate the effectiveness of prescribed fire (Omi et al., 1999). The results were used to 
guide all prescribed burning by land management agencies under the Department of 
Interior. FARSITE has also been used in several other studies to assist the planning of 
prescribed burns (Stratton, 2004). 
Prescribed burns are a great way to reduce hazardous fuels, but other fuel 
reduction measures are often necessary. Fuel treatments are another common and highly 
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effective tool to minimize fire hazard. Fuel treatments are considered to be any kind of 
change in the spatial arrangement of fuel to retard or cease the propagation of fire (Duguy 
et al., 2007). Common fuel treatments include the creation of water points, firebreaks, or 
various techniques of vegetative thinning (Van Wagtendonk, 1996; Stephens, 1998). 
Firebreaks have proven to be one of the most adequate and cost effective fuel 
management techniques (Mansourian, 2005; Finney 2001). The FARSITE model has 
proven to be an effective tool for testing and implementing effective fuel treatments (Van 
Wagtendonk, 1996; Stephens, 1998). There is no absolute standard for firebreak width or 
location as a consequence of variation in topography, prevailing winds, and vegetation. 
However, the use of FARSITE is an ideal program to test and implement the most 
effective firebreaks for a particular location (Mansourian, 2005). A FARSITE study 
conducted by Duguy et al. (2007) in the Spanish Mediterranean found firebreaks to be 
highly effective in the reduction of fire size. The study also suggested that FARSITE was 
a highly effective model for testing fuel treatments, including firebreaks.  
The scope of FARSITE also includes the evaluation of fuels in their normal state 
within an ecosystem (Finney, 2001; Stephens, 1998; Stratton, 2004; Van Wagtendonk, 
1996). One can use FARSITE to compare fire characteristics between various vegetation 
types and assess their relative fire risk. In a study by Yang et al. (2008) fuel/vegetation 
models were derived for different vegetation types within the Missouri Ozark Highlands 
of the Mark Twain National Forest. These fuel models were used to estimate fire 
behavior and determine which vegetation types are most susceptible to fire. The study by 
Yang et al. (2008) was used to help the U.S. Forest Service prioritize fire risks with 
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National Forests. The findings revealed that vegetation type was one of the largest drivers 
on fire spread and intensity. 
Mistry and Berardi (2005) in the Brazilian savanna used FARSITE to simulate 
fire behavior in the dry season using FARSITE. The focus was to identify the relative risk 
of vegetation types, particularly during the high-risk dry season (Ibid). The majority of 
fires within the Brazilian savanna occur within a 3-month extreme dry season. Similarly, 
another study by Massada et al. (2009) aimed to identify the effect of extreme weather 
conditions on fire risk along the wildland urban interface of Wisconsin. In both of these 
studies the results were quite evident that seasonality and extreme weather conditions 
greatly increased the risk and severity of fire. Findings like these suggest the importance 
of evaluating seasonality on fire behavior and management.    
 
CHAPTER 3  
RESEARCH METHODOLOGY 
3.1 FARSITE Data Inputs 
Various fire simulation models can be used in tandem with GIS technologies to 
simulate various characteristics of a fire. The Program FARSITE, developed by Finney 
(1994), is a fire behavior and fire growth simulator program that incorporates both spatial 
and temporal information on topography, fuels, and weather.  
As shown in Figure 3, the required spatial data inputs include elevation, slope, 
aspect, fuel model and canopy cover. Optional spatial data includes crown height, crown 
base height, and crown bulk density (Finney, 1998). All of these data need to be created 
as GIS raster themes. Elevation, slope, and aspect can be derived from a digital elevation 
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model (DEM). Elevation data are used to calculate temperature and humidity via a 
computer algorithm throughout the entire landscape. Slope is used to calculate the rate of 
fire spread, while aspect is used to determine the incident solar radiation as well as 
transforming spread rates and directions from the surface landscape (Finney, 1998). The 
fuel model provides a physical description of the fuel within the landscape at the surface 
level. Canopy cover is used to determine the shading of surface level fuels. These values 
also affect the fuel moisture calculations and are used to reduce wind speed values 
(Albini & Baughman, 1979). Crown height affects wind reduction in a similar manner 
and also determines starting point and trajectory of embers lofted by torching trees 
(Albini, 1979). Crown base height is used to determine the transition of fire from surface 
to crown fire (Van Wagner, 1977). Crown bulk density is used to determine the threshold 
for achieving an active crown fire (Ibid). When these files are overlapped, it attempts to 
create a digital representation of all real world spatial characteristics. 
 
Figure 3: The five required and three optional spatial data files used in FARSITE 
(National Wildfire Coordinating Group, 2010). 
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Weather data inputs require daily observations of minimum and maximum 
temperature, minimum and maximum humidity, precipitation and the elevation of 
recorded values as shown in Table 3. These values are used to create a diurnal weather 
pattern throughout the landscape and determine the fuel moistures (Finney, 1998).  
   Hour Temperature Relative Humidity  
Month Day PPT AM PM Min Max Max Min Elevation 
 *100  ˚C Percent Meters 
7 19 0 6:00 15:00 9 26 65 28 1700 
7 20 0 6:00 15:00 10 27 62 25 1700 
7 21 0 6:00 15:00 9 25 54 27 1700 
7 22 10 6:00 15:00 8 26 57 31 1700 
7 23 0 6:00 15:00 12 23 58 26 1700 
7 24 0 6:00 15:00 9 27 57 27 1700 
Table 3: Required weather data format for FARSITE (Finney, 1998). 
Temperature and humidity values are assumed to have an inverse relationship and 
are calculated via a cosine curve as shown in Table 4 (Rothermel et al., 1986). The user 
provides the daily maximum and minimum values, represented by the dots in Table 4. 
These maximum and minimum values are then used to extrapolate all other temperature 
and humidity values. Temperature values are extrapolated throughout the landscape at a 
rate of -1 ˚C per 100 m in elevation from the reference point. Humidity values are also 
extrapolated throughout the landscape, but derived from temperature values at a rate of 
0.2% per 100 meters. The model of temperature/humidity interpolation and lapse rates 
are fixed algorithms within the FARSITE model (Rothermel et al., 1986). 
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Table 4: Inverse pattern of temperature and relative humidity showing cosine 
interpolation over a 5-day period (Finney, 1998).  
 
Wind data require values for open wind speed, wind direction, and cloud cover as 
shown in Table 5. Open wind speed and wind direction are used in the calculation of fire 
spread rate and direction, respectively (Finney, 1998).  Cloud cover is used in tandem 
with canopy cover to determine solar irradiance (Ibid). These values are assumed to be 
uniform through the landscape just like the weather data.  
Month  Day  Hour, minute 
Open Wind 
Speed 
Wind 
Direction Cloud cover 
   (km/h) (˚Az) (Percent) 
6 27 0:00 0 65 0 
6 27 2:00 5 72 0 
6 27 3:00 6 74 0 
6 27 4:00 0 86 0 
6 27 5:00 10 127 20 
6 27 6:00 15 246 40 
6 27 7:00 17 224 10 
Table 5: Required wind data format for FARSITE (Finney, 1998).  
The accuracy of the input data layers is very important for realistic predictions of 
fire growth (Keane et al., 1998; Finney, 1998). The fuel model is the key input for a 
FARSITE simulation and is often the most difficult dataset to obtain for fire managers.  
Many studies suggest that the fuel model accuracy is the limiting factor in the efficacy of 
	 29
wildfire modeling (Miller & Yool, 2002; Arroyo et al., 2008; Mutlu et al., 2008; Finney, 
1998).  The FARSITE program uses the Rothermel fuel model, which was developed in 
1968 and simulates fire spread at surface levels (Table 6), and the Huygens’ principle 
(Richards, 1990) for calculating surface spread pattern.  
The Rothermel fuel model (1972) uses the Northern Forest Fire Laboratory 
(NFFL) standardized fuel models that were designed in the middle 1970’s (Albini, 1976). 
It is still one of the most commonly used fuel models and is used by a great deal of fire 
modeling programs, including FARSITE. The fuel model was composed of the original 
13 different fuel types, which were designed for applications in the United States. Each 
fuel type classification is exclusively suitable for use in the same geographic location and 
should not be used out of context. Previous studies have revealed that when a fuel type 
has been adopted for use in a foreign system the results have been poor (Arroyo, 2008).  
In 2005, an additional 40 fuel models were created in part to increase the demand for fuel 
models in various fire behavior regions as shown in Table 6.  
Fuel load (t/ac) SAV ratio (1/ft) 
Fuel 
bed 
depth  
Dead 
fuel 
moisture  
Heat 
conten
t  
Fuel 
Model 
Code 1-
hr 
10-
hr 
100
-hr 
Live 
herb 
Live 
wood 
Dead 
1-hr 
Live 
herb 
Live 
wood (ft) (percent) 
(BTU/ 
lb) 
GR1 0.1 0 0 0.3 0 2200 2000 9999 0.4 15 8000 
GR2 0.1 0 0 1 0 2000 1800 9999 1 15 8000 
GR3 0.1 0.4 0 1.5 0 1500 1300 9999 2 30 8000 
GR4 0.25 0 0 1.9 0 2000 1800 9999 2 15 8000 
GR5 0.4 0 0 2.5 0 1800 1600 9999 1.5 40 8000 
GR6 0.1 0 0 3.4 0 2200 2000 9999 1.5 40 9000 
GR7 1 0 0 5.4 0 2000 1800 9999 3 15 8000 
GR8 0.5 1 0 7.3 0 1500 1300 9999 4 30 8000 
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GR9 1 1 0 9 0 1800 1600 9999 5 40 8000 
GS1 0.2 0 0 0.5 0.65 2000 1800 1800 0.9 15 8000 
GS2 0.5 0.5 0 0.6 1 2000 1800 1800 1.5 15 8000 
GS3 0.3 0.25 0 1.45 1.25 1800 1600 1600 1.8 40 8000 
GS4 1.9 0.3 0.1 3.4 7.1 1800 1600 1600 2.1 40 8000 
SH1 0.25 0.25 0 0.15 1.3 2000 1800 1600 1 15 8000 
SH2 1.35 2.4 0.75 0 3.85 2000 9999 1600 1 15 8000 
SH3 0.45 3 0 0 6.2 1600 9999 1400 2.4 40 8000 
SH4 0.85 1.15 0.2 0 2.55 2000 1800 1600 3 30 8000 
SH5 3.6 2.1 0 0 2.9 750 9999 1600 6 15 8000 
SH6 2.9 1.45 0 0 1.4 750 9999 1600 2 30 8000 
SH7 3.5 5.3 2.2 0 3.4 750 9999 1600 6 15 8000 
SH8 2.05 3.4 0.85 0 4.35 750 9999 1600 3 40 8000 
SH9 4.5 2.45 0 1.55 7 750 1800 1500 4.4 40 8000 
TU1 0.2 0.9 1.5 0.2 0.9 2000 1800 1600 0.6 20 8000 
TU2 0.95 1.8 1.25 0 0.2 2000 9999 1600 1 30 8000 
TU3 1.1 0.15 0.25 0.65 1.1 1800 1600 1400 1.3 30 8000 
TU4 4.5 0 0 0 2 2300 9999 2000 0.5 12 8000 
TU5 4 4 3 0 3 1500 9999 750 1 25 8000 
TL1 1 2.2 3.6 0 0 2000 9999 9999 0.2 30 8000 
TL2 1.4 2.3 2.2 0 0 2000 9999 9999 0.2 25 8000 
TL3 0.5 2.2 2.8 0 0 2000 9999 9999 0.3 20 8000 
TL4 0.5 1.5 4.2 0 0 2000 9999 9999 0.4 25 8000 
TL5 1.15 2.5 4.4 0 0 2000 9999 1600 0.6 25 8000 
TL6 2.4 1.2 1.2 0 0 2000 9999 9999 0.3 25 8000 
TL7 0.3 1.4 8.1 0 0 2000 9999 9999 0.4 25 8000 
TL8 5.8 1.4 1.1 0 0 1800 9999 9999 0.3 35 8000 
TL9 6.65 3.3 4.15 0 0 1800 9999 1600 0.6 35 8000 
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SB1 1.5 3 11 0 0 2000 9999 9999 1 25 8000 
SB2 4.5 4.25 4 0 0 2000 9999 9999 1 25 8000 
SB3 5.5 2.75 3 0 0 2000 9999 9999 1.2 25 8000 
SB4 5.25 3.5 5.25 0 0 2000 9999 9999 2.7 25 8000 
Table 6: Extended set of NFFL fire behavior fuel models (Scott, 2005). 
3.2 Methodology of Previous Studies 
According to the literature, essentially all studies use a DEM to define 
topographic variables such as slope, aspect and elevation (Finney, 1998). A number of 
studies (Miller & Yool, 2002; Massada et al., 2009; Stephens, 1998) have used a 30-
meter DEM because they are highly available, adequately accurate, and generally free of 
charge. In fact, the National Aeronautics and Space Administration (NASA) have 
provided a freely available 30-meter DEM via their Advanced Spaceborne Thermal 
Emission and Reflection Radiometer (ASTER) program for over for 99% of the globe 
(Tachikawa et al., 2011).   
In early studies efforts to map vegetation and fuel types were carried out through 
field surveys (Arroyo et al., 2008). These studies have the potential of being highly 
accurate, but require a great deal of time and man-hours in the field and are cost 
prohibitive for large areas. With the advancement of technology, most studies use 
remotely sensed imagery to classify vegetation and fuels (Finney, 1998). Remotely 
sensed imagery can be analyzed through a supervised classification (Miller & Yool, 
2002; Stratton, 2004), unsupervised classification or a Normalized Difference Vegetation 
Index, or NDVI (Nonomura et al., 2007), or a combination of these methods to 
quantitatively classify various fuel types for use in FARSITE. Various satellite images 
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including LandSat (Miller & Yool, 2002), ASTER from NASA (Paz et al., 2011), 
LIDAR-Quickbird (Mutlu et al., 2008), Systéme Pour l’Observation de la Terre or SPOT 
(Castro & Chuvieco, 1998), and others have been used to classify various vegetation 
types for use in FARSITE. Supervised classifications are recommended because they 
utilize advancements in remote sensing and technology while maintaining the advantage 
of having the field researcher in physical contact with the study area (Arroyo et al., 
2008).  When the researcher is unable to access their study area a non-supervised 
classification or NDVI should be used. A non-supervised classification allows a computer 
algorithm to examine the pixels in the image and aggregate them into various classes 
without training points, provided by the user is (Lillesand et al., 2008). A study by van 
Wagtendonk and Root used a non-supervised classification to identify 30 vegetation 
classes in Yosemite National Park (2003). When dealing with a vast area and varied 
vegetation, a non-supervised classification can yield better results.  
The other method known as the NDVI can be very useful for classifying 
vegetation types. A NDVI is defined by the equation in figure 4. In figure 4, VIS stands 
for visible light and NIR stand for near infrared of spectral reflectance measurements 
(Lillesand, 2008). Thus, the NDVI distinguishes various land cover types based on their 
‘greenness’. This classification is not commonly used for developing fuel models in 
FARSITE, but was used in a study by Nonomura et al. (2007) to evaluate areas affected 
by a previous wildfire. A NDVI classification would be appropriate for assessing post-
fire damage as it assess the infrared reflection of vegetation. Moreover, NDVI helps 
compensate for alterations from changing illumination conditions such as surface slope, 
and aspect (Lillesand et al., 2008).  
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Figure 4: Equation for calculating NDVI.  
 
Throughout the continental United States, national parks have developed highly 
accurate land cover analyses and fuel models (Van Wagtendonk, 1997). NFFL fuel 
models have been mapped across the lower 48 states at 30-meter resolution through a 
project known as LANDFIRE (LANDFIRE, 2007). Similar works have been carried out 
in other countries, such as Brazil, which has derived vegetation and fuel maps compatible 
for FARSITE (Mistry & Berardi, 2005). These works streamline the data preparation 
process for FARSITE. When these sources are not available, the user must decide which 
fuel model to match each vegetation type or create custom fuel models.  
Creating custom fuel models requires collecting data from fire behavior studies 
(Mistry & Berardi, 2005). Site-specific fuel models can be created using the programs 
NEWMDL or TSTMDL, which are sub-models of the BEHAVE fire model (Burgan & 
Rothermel, 1984). The program allows the user to input data on the quantity and 
characteristic of fuels for each vegetation type, which are then used to compute values 
that can be input into FARSITE (Mistry & Berardi, 2005). However, this requires 
considerable data.  
In the literature (Stratton, 2004; Mistry & Berardi, 2005), custom fuel models 
were developed on the basis of considerable field data, anecdotal observations, and 
previously published work. As a result, many studies have used the standard fuel models 
(Schmidt et al., 2008; Massada et al., 2009; Paz et al., 2011; Stratton, 2004).  
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Values for canopy cover have been gathered through various methodologies. 
Most works were developed based on field data, anecdotal observations, and previously 
published work (Stratton, 2004; Mistry & Berardi, 2005). However, some works require 
more accurate values that can be retrieved through remote sensing. In one study, 
panchromatic digital orthophoto quarter quadrangles (DOQQs) have been used to 
estimate tree canopy cover (Miller & Yool, 2002). The process involves the collection of 
training samples of canopy cover to train the computer algorithm. The process for 
assessing canopy cover is carried out in much the same way a supervised classification of 
land cover would be carried out.  
Some studies were able to find automated wind and weather data from sources as 
close as 9 km from the study area (Schmidt et al., 2008). Meteorological data has been 
collected by local weather stations (Finney, 1998). Some studies have used multiple 
weather stations (Miller & Yool, 2002). 
3.3 Data Collection 
3.3.1     Topographic Data 
A 30M digital elevation model (DEM) provided by the Instituto Nacional de 
Estadística y Geografía (INEGI) was used to determine slope, aspect, and elevation.  
3.3.2 Fuel Model 
A 10-meter resolution SPOT multispectral satellite image taken on April 19th, 
2008 was used to create a vegetation classification of SLM natural protected area. The 
image contained 4 bands, which included Red, Green, Blue, and Near Infrared. The 
image was orthorectified by the distributor, EADS Matra Systems & Information and 
registered to the UTM coordinate system: Zone 14 North.   
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Next, a radiometric correction was performed to mitigate the effects of 
atmospheric interferences from the satellite image. The electromagnetic radiation (ER) 
being captured by the satellite sensor has already passed through the earth’s atmosphere 
twice and has been affected by phenomena known as absorption and scattering. 
Absorption occurs when ER interacts with gases including water vapor, ozone, and 
carbon dioxide. Scattering is the result from the interactions between ER and gas 
molecules and other airborne particulate matter (Cross, 2011). These effects reduce the 
contrast between pixels and can scatter ER causing values to be skewed by neighboring 
pixels (Kaufman, 1989). 
The process of radiometric correction was performed through a conversion of 
digital numbers (DN) to spectral radiance and then a conversion of spectral radiance to 
exoatmospheric reflectance as shown in Figure 5.  The calibration from DN to spectral 
radiance is provided by the following expression for at-satellite spectral radiance, 
Equation 1 Lλ = Bias + (Gain x DN), where 
Bias- Spectral radiance of sensor for a DN of zero 
Gain- Gradient of the calibration 
DN- Digital numbers 
  
Figure 5: Model created in ERDAS Imagine 9.1 to convert DN values to spectral                
radiance.   
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Exoatmospheric radiation was calculated through a model shown in Figure 6. The 
conversion of spectral radiance to exoatmospheric reflectance is given in the following 
expression,  
Equation 2 π.L.d2 ρ = ESUN.cos(SZ), where  
ρ = unitless planetary reflectance at satellite (this takes values of 0–1.)  
π = 3.141593  
L = Spectral radiance at sensor aperture (mW cm-2 ster-1 μm-1) 
d2 = Earth-Sun distance value squared in astronomical units 
ESUN = Mean solar exoatmospheric irradiance  (mW cm-2 μm-1) 
SZ = sun zenith angle at time image was captured 
 
 
Figure 6: Model created in ERDAS Imagine 9.1 to correct for exoatmospheric 
reflectance.  
 
Satellite imagery taken in mountainous regions often contains distortions that are 
referred to as topographic effects.  The angle of the sun and the angles from the terrain 
can lead to changes in illumination and manipulate the brightness values in the satellite 
image (ERDAS, 1999). Shaded areas will show lower reflectance whereas sunny areas 
will show higher than expected reflectance.  
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A Non-Lambertian model was produced in ERDAS Imagine 9.1 to correct for 
topographic effects as seen in Figure 7. A Non-Lambertian model known as the Minnaert 
correction method was used (Smith et al., 1980). The model takes into account that 
surfaces do not reflect incident solar light uniformly in all directions through the 
bidirectional reflectance distribution function (BRDF). The BRDF was developed to 
describe how reflectance varies upon topography in regards to the angle of incidence and 
observation (Riaño et al., 2003).  A Minnaert constant is generated based on the 
topographic characteristics for each individual application (Murakami, 2007). 
Subsequently, this model is more computationally rigorous, but is believed to be the most 
effective model at reducing the topographic effect on spectral signatures (ERDAS, 1999; 
Justice et al., 1981; Baker et al., 1991).  
A total of 16 iterations were run with varying Minnaert constants. Based on visual 
interpretation, Minnaert values of 0.5 for all 4 spectral bands were chosen to be the most 
accurate.   
The following equation is the Non-Lambertian Topographic model included in 
ERDAS Imagine 9.1 (Colby 1991): 
Equation 3 BVnormalλ = (BVobservedλ cos e)/(cosk i cosk e); where 
BVnormalλ = Normalized brightness values  
BVobservedλ = Observed brightness values  
  cos i = Cosine of the incidence angle  
  cos e = Cosine of the slope angle 
  k = Minnaert constant  
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Figure 7: Non-Lambertian model included in ERDAS Imagine 9.1 to correct for 
topographic effects. 
 
A Gaussian Maximum Likelihood supervised classification of the varying land 
cover types was performed. There are three basic steps involved in the supervised 
classification procedure (Lillesand et al., 2008). In the first step, the user identifies land 
cover types in advance through observation in the field (Keuchel et al., 2003). The user 
will collect various points known as ‘training samples’ as parameters for each land cover 
class of interest (Ibid). It is known as the training stage. Next, each pixel in the image is 
categorized into a particular land cover class that it most closely resembles. The step is 
known as the classification stage. Once the entire image has been categorized, the results 
are present in the output stage (Lillesand et al., 2008).  
In this study, a parametric supervised classification method known as the 
Gaussian Maximum Likelihood (ML) algorithm using MultiSpec was carried out to 
identify a spectral signature for each set of training points (Richards & Jia, 1999). The 
ML classifier evaluates the covariance and variance of each land cover category when 
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classifying an unknown pixel. The algorithm thus assumes a Gaussian (normal) 
distribution for each category (Lillesand et al., 2008).  
In my study, a total of seven different vegetation types were identified (Table 7) 
in accordance with the NFFL fire behavior fuel models (Table 6). From the seven 
different land cover types, a total of 188 training samples were collected in the field. The 
overall class performance was 92.3% and the Kappa statistic value was 87.2%. Overall 
class performance, or overall accuracy, is calculated by dividing the total number of 
correctly classified pixels by the total number of pixels (Lillesand et al., 2008). 
Therefore, 92.3% of the pixels in the image of this study were classified correctly. The 
Kappa statistic measures the difference of actual agreement between reference data and 
an automated classifier and the chance agreement between the reference data and a 
random classifier (Lillesand et al., 2008). The kappa statistic is used to determine the 
percentage by which correctly identified pixels were correctly identified because of ‘true’ 
agreement or because of chance. As the true agreement approaches 1 and the chance 
approaches 0, k will approach 1 (Lillesand et al., 2008). The kappa value of 87.2% in this 
study indicates that classification in this study was 87.2% better than a classification 
resulting from chance. The accuracy for each class, or producer’s accuracy, is found in 
the 3rd column of Table 7. Producer’s accuracy describes the percent of area within a 
class that has been correctly indentified for that given class (Lillesand et al., 2008).  All 
burnable vegetation types had producer’s accuracy values equal to or above 93.6%. 
However, agriculture and urban had producer’s accuracy values of 71.3% and 81%, 
respectively. The lower producer’s accuracy values in the agriculture and urban classes 
can be contributed to the heterogeneity within the classes. Agricultural land may have a 
	 40
great deal of heterogeneity in spectral reflectance due to the variety of crop species 
present in the region. Different species such as corn and hay will have a different spectral 
reflectance. Moreover, different crop species may have different planting times, harvest 
times, and some may require irrigation while others may not (Oerke et al., 2010). Urban 
land also has a great deal of heterogeneity in spectral reflectance. Different buildings are 
constructed of different materials. As a consequence of the heterogeneity within these 
land-cover types, dividing them into sub-categories can yield better results (Lillesand et 
al., 2008). However, in this study agricultural land and urban areas are non-burnable. 
Further classification of these land cover types would be beyond the objective of this 
study.
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TRAINING CLASS PERFORMANCE (Resubstitution Method) 
    Project                
                Number of Samples in Class 
1 2 3 4 5 6 7 
     Class    
     Name    
Class  
No. 
Accuracy 
   (%)    
Reference 
  Number  
  (Samples) 
Mod. 
load 
dry 
shrub 
Ag. Bare ground 
Low load 
dry shrub 
High 
load dry 
shrub 
Very 
high load 
dry shrub 
    
Urban 
Mod. load 
dry 
climate 
shrub 
(SH2) 
1 93.7 857 803 0 0 28 14 1 11 
    
Agricult-
ure (NB3) 
2 71.3 17386 34 12402 1086 789 0 0 3075 
Bare 
ground 
(NB9) 
3 96.5 14480 0 40 13979 0 0 0 461 
Low load 
dry 
climate 
shrub 
(SH1) 
4 93.6 3265 83 23 0 3056 0 0 103 
High load 
dry 
climate 
shrub 
(SH5) 
5 96.6 2716 50 0 0 0 2623 38 5 
Very high 
load dry 
climate 
6 97.4 61982 16 3 0 0 1317 60341 305 
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shrub 
(SH7) 
    Urban 
(NB1) 7 81 2592 8 343 40 87 4 10 2100 
           
Total   103278 994 
128
11 15105 3960 3958 60390 6060 
           
 
Reliability 
Accuracy 
(%)* 
   80.8 96.8 92.5 77.2 66.3 99.9 34.7 
OVERALL CLASS PERFORMANCE (95304 / 103278) = 92.3% 
Kappa Statistic (X100) = 87.2%. Kappa Variance = 0.000002. 
+ (100 - percent omission error); also called producer's accuracy. 
                 Table 7: Results of Gaussian Maximum Likelihood supervised classification.                                                               
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3.3.3 Canopy Cover 
The default categories are: 1:1-20%, 2: 21-50%, 3: 51-80%, and 4: 81-100% 
(Finney, 1998). In the present study, the default category 1 (1-20%) was used to classify 
all 7 fuel-model types. Canopy cover data can be generated through remote sensing 
sources similar to those used to determine the fuel model. However, a great deal of 
research suggests that throughout the various vegetation types of the Chihuahua desert 
canopy cover is consistently between 0-20 percent.  
A study by Warren et al. (1996) found honey mesquite (Prosopis glandulosa) and 
creosote bush (Larrea tridentata) dominated ecosystems within the Chihuahua desert to 
have between 9%-16% canopy cover. Similarly, a study by Molinar et al. (2002) found 
canopy cover values in the Chihuahuan Desert Rangeland Research Center to be 
consistently between 0% and 10%. However, some extreme data values were as high as 
20% canopy cover (Ibid).  Other studies conducted in the Chihuahua desert have found 
very similar values (Khumalo et al., 2008; Ludwig et al., 2000).  
3.3.4 Meteorological Data 
Meteorological data were gathered from a live stream provided by the Secretaría 
de medio ambiente y recursos naturales (SEMARNAT). The SEMARNAT provides a 
live stream containing all necessary data every 10 minutes from the town of Matehuala, 
which lies 60 kilometers southeast of the study site, SLM.   
3.4 Methodology 
3.4.1. Objective 1 Methodology  
The first objective of this study was to determine optimal width of current 
firebreaks. Current firebreaks in SLM protected area were simulated in FARSITE using 
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the fire-barrier option to meet the exact specifications of each firebreak at 4 meters of 
width. The efficacy of each firebreak was tested by means of a fire simulation starting at 
10:00 AM on the first and fifteenth day of each month and end at 11:00 PM on the 
sixteenth of each month for a 37-hour simulation. Weather and wind data was collected 
for the year 2003. The effectiveness of each firebreak was measured on the basis of its 
ability to completely stop the fire for the full 37-hour simulation. A 2:4 chi square test 
was conducted to test for any significant difference in the effectiveness of the 4 firebreaks 
currently located within the area of SLM.  
3.4.2. Objective 2 Methodology   
The second objective of this study is to determine which vegetation types/sub-
ecosystems within the protected area will experience the fastest rate of fire spread and 
which will experience the slowest rate of fire spread in the incidence of fire. 
A total of 36 fire simulations were run in each of the 4 flammable vegetation 
types over a 6-hour time period with wind and weather data compiled from the year 2003. 
The fire simulations were carried out on the first, fifteenth and twenty-eighth day of each 
month beginning at 10:00 AM and ending at 4:00 PM for each vegetation type. Weather 
and wind data streams were the same for each vegetation type for each respective day. 
The size of each fire after 6 hours from ignition was recorded in hectares. A one-way 
analysis of variance (ANOVA) test was conducted to determine the statistical difference 
between the average sizes of fire for the four flammable vegetation types. A Bonferroni’s 
test was executed to determine which means are significantly different.  
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3.4.3. Objective 3 Methodology 
The third objective of this study is to simulate prescribed burns to determine 
which month is the safest to implement prescribed burns based on seasonality. 
A total of 6 fire simulations will be run for each month with wind and weather 
data compiled from the year 2003. Each fire simulations will be run on day 1, 15, and 28 
for each month. The size of each fire after 24 hours from ignition was recorded in 
hectares. A 1-way ANOVA test was conducted to determine if there is significant 
difference in the average size of fire between each month for the year 2003. A 
Bonferroni’s test was performed to determine which means are significantly different.  
3.4.4. Model Accuracy Evaluation 
 In order to evaluate the accuracy of the FARSITE model for this study area, two fire 
simulations were run in conjunction with two fire scars from wildfires that occurred in 
SLM. Several other fires have occurred within the study area, but were poorly 
documented. In order to accurately assess the spread rate of wildfire, specific ignition and 
extinction times must be known.  
On March 23, 2008 a fire ignited at approximately 10:00 AM and was 
extinguished at approximately 3:00 PM and burned 99.5 hectares. A fire simulation was 
conducted to best replicate the conditions from this fire on March 23, 2008.  The 
simulation began at 10:00 AM and lasted until 3:00 PM on March 28. Weather and wind 
data from March 23, 2003 was used. The exact ignition point of the fire was unknown. 
On April 12, 2011 a fire ignited at approximately 5:00 PM and was extinguished 
on April 13, 2011 at approximately 4:00 PM. The fire burned 286.4 hectares. A fire 
simulation was conducted to best replicate the conditions from this fire on April 12 and 
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April 13, 2011.  The simulation began at 5:00 PM on April 12 and lasted until on 4:00 
PM on April 13. Weather and wind data from April 12 and April 13, 2003 was used. The 
exact ignition point of the fire was unknown.  
3.5	Limitations and Potential Errors 
The 10-meter resolution SPOT multispectral satellite image that was used for the 
supervised classification was taken on April 19th, 2008. However, the gathering of 
training samples in the field and supervised classification of the satellite image was 
carried out during the winter of 2011 and spring of 2012. Other this 4-year period, 
vegetation regimes could possibly change or shift (Miller & Yool, 2002). Moreover, 
anthropogenic factors could disrupt or change land use. Since 2008, the Mexican Federal 
government has constructed a road and several agricultural fields have been extended by 
various ejidos. Other land use changes are possible.  
Another potential inaccuracy in the supervised classification could result from 
anisotropic effects. Anisotropic effects are variations in spectral response, or uneven 
reflectance, that result from uneven surfaces (Tottrup, 2007). Although the Non-
Lambertian Minnaert correction method was used to mitigate anisotropic effects, a single 
K value was chosen through visual inspection. Different slopes will have different 
impacts on the remotely sensed data. A pixel based analysis to determine the true value of 
K at various slopes would yield better results (Lu et al., 2008).  
A major limitation involving the standard NFFL fuel models deal with the initial 
objective of the NFFL fuel models. These fuel models were first programmed to exhibit 
fire behavior when wildfires pose the greatest control problems (Anderson, 1982). 
Therefore, these fuel models are customized for one season of the whole year. Fire 
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characteristics resulting from NFFL fuel models might over-predict fire behavior during 
seasons of low fire concern. In other words, these over-predicted results will make it 
difficult to accurately assess the true risk of prescribed burns during seasons of low fire 
concern (Arroyo et al., 2008). In order to accurately assess fire hazard during seasons of 
low fire concern, custom fuel models would need to be designed that were based on fuel 
characteristics for that particular season. 
In this study different vegetation types were identified and matched to the NFFL 
fuel models (Albini, 1976; Burgan & Rothermel, 1984). The NFFL fuel models were 
designed to match ecosystems within the United States (Albini, 1976). The development 
of fuel models is a difficult and time consuming task, so there have been many efforts to 
design fuel models at wide geographic extents (Keane et al., 2001). However, fuels are 
complex and difficult to classify (Arroyo et al., 2008). Fuels are not spatially or 
temporally homogenous.  
Fuel models are site specific. Each fuel model is only applicable for similar 
geographic locations and ecosystems. Previous studies have found when fuel-models are 
applied to foreign locations the results have been inaccurate (Arroyo et al., 2008). In this 
case of this study, NFFL fuel models designed for the Chihuahua desert in the 
southwestern United States, such as Arizona and Texas, were applied to the Chihuahua 
desert in San Luis Potosí, Mexico. Albeit, the ecosystem is the same, the geographic 
distance contributes to discrepancy.     
FireFamilyPlus is a program that analyzes and summarizes databases of weather 
and fire occurrence data (Main et al., 1990). This program is able to calculate fire danger 
ratings, summarize fire and weather data streams, and make weather data compatible for 
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input in FARSITE (Main et al., 1990). The use of FireFamilyPlus can streamline the 
process of weather data preparation for FARSITE users. However, FireFamilyPlus is 
only available for weather stations in the United States. FireFamilyPlus would simplify 
the process and allow for rapid and systematic preparation of weather data for fire 
simulations. For example, in a study conducted by Hollingsworth et al. a total of 2,000 
fire simulations were conducted using FireFamilyPlus (2012). As the central limit 
theorem states ‘the distribution of a normal population will approach a normal 
distribution as the sample size increases (Howell, 2010). An increase in fire simulations 
would increase the sample size for each population. As the sample sizes increase, the 
standard error of differences between the means would decrease (Howell, 2010). In this 
study, weather data was prepared for input in FARSITE manually. As a result, a limited 
number of fire simulations were run for each population.  
 
CHAPTER 4  
RESULTS 
4.1 Objective 1 
The first objective of this study was to assess the efficacy of three firebreaks 
located in three different communities of SLM: El Gallo, El Tepetate, and Los Encinos 
(Figure 8). Chi Square Analysis revealed that each firebreak stopped fire in all 24 fire-
simulations (Table 8). 
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Figure 8: Map demonstrating localities of all three (3) firebreaks in SLM.  
 
 
 
Case Processing Summary 
Cases 
Valid Missing Total 
Firebreak  
N Percent N Percent N Percent 
El Gallo 24 100.0% 0 0.0% 24 100.0% 
El Tepetate 24 100.0% 0 0.0% 24 100.0% 
Los Encinos 24 100.0% 0 0.0% 24 100.0% 
Table 8: Summary of Chi Square Analysis for testing firebreak efficacy. All 3 firebreaks 
effectively stopped fire in %100 of simulations. 
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El Gallo EL Tepetate Los Encinos   
Yes Yes Yes 
Total 
1-Jan 1 1 1 3 
15-Jan 1 1 1 3 
1-Feb 1 1 1 3 
15-Feb 1 1 1 3 
1-Mar 1 1 1 3 
15-Mar 1 1 1 3 
1-Apr 1 1 1 3 
15-Apr 1 1 1 3 
1-May 1 1 1 3 
15-May 1 1 1 3 
1-Jun 1 1 1 3 
15-Jun 1 1 1 3 
1-Jul 1 1 1 3 
15-Jul 1 1 1 3 
1-Aug 1 1 1 3 
15-Aug 1 1 1 3 
1-Sep 1 1 1 3 
15-Sep 1 1 1 3 
1-Oct 1 1 1 3 
15-Oct 1 1 1 3 
1-Nov 1 1 1 3 
15-Nov 1 1 1 3 
1-Dec 1 1 1 3 
  15-Dec 1 1 1 3 
Total 24 24 24 72 
Table 9: Results of Chi Square Analysis for all three firebreaks.  
The results suggest that all three firebreaks are sufficient enough to stop fire in all 
12 months of the year. The average size of burnt area after the 23-hour fire simulations 
for El Gallo was 124.6 hectares. The average size of burnt area after the 23-hour fire 
simulations for El Tepetate was 82.5 hectares. The average size of burnt area after the 23-
hour fire simulations for Los Encinos was 1.5 hectares.  
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Figure 9: Map demonstrating the successful cessation of a fire simulation by El Gallo 
firebreak for February 15, 2003. 
 
 
Figure 10: Map demonstrating the successful cessation of a fire simulation by El Tepetate 
firebreak for February 15, 2003.  
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Figure 11: Map demonstrating the successful cessation of a fire simulation by Los 
Encinos firebreak for February 15, 2003.  
 
4.2 Objective 2 
The second objective of this study was to assess the rate of fire spread across the 
four flammable vegetation types: Very high load dry climate shrub/SH7, High load dry 
climate shrub/SH5, Moderate load dry climate shrub/SH2, and Low load dry climate 
shrub/SH1. Table 10 shows the minimum, maximum, mean, and standard deviation of 
area burnt in fire simulations between the four vegetation types.  
Descriptive Statistics 
Vegetation type/  
Fuel Model 
N Minimum ha 
burnt 
Maximum 
ha burnt 
Mean ha 
burnt 
Standard 
Deviation  
SH7 48 14.80 212.80 96.7431 55.59832 
SH5 48 7.1 497.8 145.896 122.4364 
SH2 48 0.0 2.1 0.488 0.5927 
SH1 48 0.0 0.4 0.113 0.1044 
Valid N 
(listwise) 
48     
Table 10: Descriptive statistics generated from one-way ANOVA test.  
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A one-way repeated measures ANOVA was conducted to compare the amount of 
area burnt during a 6-hour simulation across four vegetation types (Table 11). The 
conditions included vegetation type SH7, SH5, SH2, and SH1. There was a significant 
effect for the type of vegetation class burnt, Wilks' Lambda = 58.75, F (3, 141) = 71.69, p 
< .05) 
Multivariate Tests 
Effect Value F Hypothesis 
df 
Error 
df 
Sig. Partial 
Eta 
Squared
Pillai's Trace .797 58.750 3.000 45.00 .000 .797
Wilks' Lambda .203 58.750 3.000 45.00 .000 .797
Hotelling's 
Trace 
3.917 58.750 3.000 45.00 .000 .797Condition 
Roy's Largest 
Root 
3.917 58.750 3.000 45.00 .000 .797
Table 11: Multivariate test that conclude significant differences between mean size of fire 
burned between all 4 vegetation types (p<. 05). 
 
Tests of Within-Subjects Effects 
Source Type III 
Sum of 
Squares 
df Mean 
Square 
F Sig. Partial 
Eta 
Squared 
Sphericity 
Assumed 
760981.393 3 253660
.464 
71.686 .000 0.604 
Greenhouse-
Geisser 
760981.393 1.127 675401
.645 
71.686 .000 0.604 
Huynh-Feldt 760981.393 1.135 670263.925 
71.686 .000 0.604 
Condition 
Lower-bound 760981.393 1.000 760981.393 
71.686 .000 0.604 
Sphericity 
Assumed 
498930.457 141 
  
3538.5
14 
   
Greenhouse-
Geisser 
498930.457 52.955 9421.7
21 
   
Huynh-Feldt 498930.457 53.361 9350.051 
   
Error 
(Condition) 
Lower-bound 498930.457 47.000 10615.542 
   
Table 12: Tests of Within-Subjects Effects showing degrees of freedom (3,141) and F test 
(F=71.686) showing significant difference between vegetation types (p<. 05).  
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A Bonferroni t test was run to determine which means are significantly different 
(Table 13). All of the means were significantly different across the various vegetation 
types: SH7 vegetation type (M= 96.74, SD= 55.60), SH5 vegetation type (M=145.90, 
SD= 122.436), SH2 vegetation type (M= 0.488, SD= 0.5927), SH1 vegetation type (M= 
0.113, SD= 0.1044). Follow-up pairwise comparisons using Bonferroni adjustment 
indicate that all conditions are significantly different from each other (Table 13). 
Pairwise Comparisons 
Measure:  Vegetation types 
95% Confidence Interval 
for Differenceb 
(I) 
Condition 
(J) 
Condition 
Mean 
Difference (I-J)
Std. 
Error 
Sig.b 
Lower 
Bound 
Upper 
Bound 
SH5 -49.153* 11.631 .001 -81.192 -17.113
SH2 96.256* 7.958 .000 74.336 118.176SH7 
SH1 96.631* 8.013 .000 74.558 118.703
SH7 49.153* 11.631 .001 17.113 81.192
SH2 145.408* 17.606 .000 96.913 193.904SH5 
SH1 145.783* 17.659 .000 97.141 194.426
SH7 -96.256* 7.958 .000 -118.176 -74.336
SH5 -145.408* 17.606 .000 -193.904 -96.913SH2 
SH1 0.375* 0.076 .000 0.166 0.584
SH7 -96.631* 8.013 .000 -118.703 -74.558
SH5 -145.783* 17.659 .000 -194.426 -97.141SH1 
SH2 -0.375* 0.076 .000 -0.584 -0.166
Table 13: Pairwise comparisons test based on estimated marginal means. * signifies the 
mean difference is significant at the .05 level. b is adjustment for multiple comparisons: 
Bonferroni. 
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 Figure 12: Map showing fire perimeter (0.12 ha.) in fuel model SH1 at site 2.   
 
 
Figure 13: Map showing fire perimeter (0.43 ha.) in fuel model SH2 at site 2.   
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Figure 14: Map showing fire perimeter (160.33 ha.) in fuel model SH5 at site 2.  
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Figure 15: Map showing fire perimeter (145.102 ha.) in fuel model SH7 at site 2.  
 
Biomass did not have a direct relationship on fire vulnerability as hypothesized. 
SH7 vegetation type has the largest amount of biomass with 6.9 tons of fine fuel per 
hectare, but experienced significantly slower fire burn rates than the SH5 vegetation type, 
which contains 6.5 tons of fine fuel per hectare (p< .05). SH1 and SH2 vegetation types 
experienced an average burn size of less than 1 hectare after a 6-hour simulation with 
0.113 and 0.488 hectares burnt, respectively.  
Although there is significant difference in the average area burnt between all 
vegetation types, it seems as though the SH1 and SH2 vegetation types have low threat to 
fire. Meanwhile, the SH5 and SH7 vegetation types seem considerably more vulnerable 
to fire.  
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Figure 16: Overall fire vulnerability assessment in SLM based on vegetation type.  
 
4.3 Objective 3 
The third objective of this study was to assess the rate of fire spread across the 
twelve different months of the year: January February, March, April, May, June, July, 
August, September, October, November, and December. Table 14 shows the minimum, 
maximum, mean, and standard deviation values between the twelve months. The month 
of March experienced the fastest average rate of fire spread (117.250 ha.) during a 6-hour 
simulation while September experienced the slowest rate of fire spread (10.846 ha.) 
during a 6-hour simulation.  
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Descriptive Statistics 
 N Minimum Maximum Mean Std. Deviation 
January 24 .1 290.20 82.1696 92.90761 
February 24 .1 497.8 107.746 134.0171 
March 24 .2 383.5 117.250 135.5641 
April 24 .0 384.5 82.367 114.8608 
May 24 .0 103.4 36.046 39.9752 
June 24 .0 87.9 25.346 29.0242 
July 24 .0 64.1 21.396 22.5281 
August 24 .0 79.2 24.200 27.4529 
September 24 .0 57.5 10.846 15.3560 
October 24 0 127 34.08 45.971 
November 24 .1 270.7 82.833 94.0886 
December 24 .1 357.1 105.992 122.2301 
Valid N 
(listwise) 
24     
Table 14: Descriptive statistics generated from one-way ANOVA test.  
A one-way repeated measures ANOVA was conducted to compare the amount of 
area burnt during a 6-hour simulation across the twelve months of the year (Table 15). 
There was a significant effect for the type of vegetation class burnt, Wilks' Lambda = 
1.189, F (11, 253) = 11.084, p < .05) 
Multivariate Tests 
Effect Value F Hypothesis 
df 
Error df Sig. Partial 
Eta 
Squared 
Pillai's 
Trace 
.502 1.189b 11.000 13.000 .378 .502 
Wilks' 
Lambda 
.498 1.189b 11.000 13.000 .378 .502 
Hotelling'
s Trace 
1.006 1.189b 11.000 13.000 .378 .502 Month 
Roy's 
Largest 
Root 
1.006 1.189b 11.000 13.000 .378 .502 
Table 15: Multivariate test that conclude significant difference between mean size of fire 
burned between all 4 vegetation types (p<. 05). 
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Tests of Within-Subjects Effects 
Measure:   Month  
Source Type III Sum 
of Squares 
df Mean 
Square 
F Sig. Partial 
Eta 
Squared 
Sphericity 
Assumed 
403474.75 11 36679.52 11.084 .000 .325 
Greenhouse-
Geisser 
403474.75 2.162 186626.3
9 
11.084 .000 .325 
Huynh-Feldt 403474.75 2.394 168535.14 
11.084 .000 .325 
Month 
Lower-
bound 
403474.75 1.000 403474.7
5 
11.084 .003 .325 
Sphericity 
Assumed 
837210.00 253 3309.13    
Greenhouse-
Geisser 
837210.00 49.725 16836.94    
Huynh-Feldt 837210.00 55.062 15204.80    
Error 
(Month) 
Lower-
bound 
837210.00 23.000 36400.44    
Table 16: Tests of Within-Subjects Effects showing (df=11,253; F=11.084) significant 
difference between vegetation types (p<. 05).  
 
A Bonferroni t test was run to determine which means are different (Table 16). 
There was a significant effect for the type of vegetation class burnt, Wilks' Lambda = 
58.75, F (3, 141) = 71.69, p < .05. Follow-up pairwise comparisons using Bonferroni 
adjustment indicate that all conditions are significantly different from each other. 
The findings from this study suggest that there is no significant difference in 
mean area burnt between many of the months. However, the results show that there is 
significant difference between January and June, July, August, September. There is 
significant difference between March and June, July August, September. There is 
significant difference between May and September, December. There is significant 
difference between June and November. There is significant difference between July and 
November, December. There is significant difference between August and November.  
	 61
There is significant difference between September and November, December (Table 17). 
Pairwise Comparisons 
Measure:   Month  
95% Confidence Interval 
for Differenceb 
(I) 
Month 
(J) 
Month 
Mean 
Difference 
(I-J) 
Std. Error Sig.b 
Lower 
Bound 
Upper 
Bound 
2 -25.576 15.491 1 -85.679 34.526 
3 -35.08 11.896 0.475 -81.238 11.077 
4 -0.197 21.412 1 -83.275 82.881 
5 46.124 14.406 0.262 -9.771 102.019 
6 56.824* 13.645 0.025 3.882 109.766 
7 60.774* 15.387 0.042 1.071 120.477 
8 57.970* 14.282 0.032 2.556 113.383 
9 71.324* 17.118 0.025 4.906 137.741 
10 48.09 15.323 0.304 -11.364 107.545 
11 -0.664 4.704 1 -18.914 17.586 
1 
12 -23.822 15.599 1 -84.345 36.701 
1 25.576 15.491 1 -34.526 85.679 
3 -9.504 12.117 1 -56.518 37.509 
4 25.379 18.486 1 -46.345 97.104 
5 71.7 21.893 0.219 -13.243 156.643 
6 82.4 22.849 0.098 -6.254 171.054 
7 86.35 23.601 0.086 -5.219 177.919 
8 83.546 22.872 0.088 -5.198 172.29 
9 96.9 26.283 0.081 -5.078 198.878 
10 73.667 21.375 0.145 -9.269 156.602 
11 24.913 13.643 1 -28.023 77.848 
2 
12 1.754 16.768 1 -63.304 66.813 
1 35.08 11.896 0.475 -11.077 81.238 
2 9.504 12.117 1 -37.509 56.518 
4 34.883 20.88 1 -46.132 115.898 
5 81.204 22.224 0.087 -5.024 167.433 
6 91.904* 22.485 0.03 4.662 179.146 
7 95.854* 23.722 0.034 3.813 187.896 
8 93.050* 22.822 0.031 4.502 181.598 
9 106.404* 26.316 0.033 4.297 208.511 
10 83.171 22.025 0.065 -2.285 168.627 
11 34.417 10.915 0.294 -7.933 76.766 
3 
12 11.258 14.062 1 -43.301 65.818 
1 0.197 21.412 1 -82.881 83.275 
2 -25.379 18.486 1 -97.104 46.345 
3 -34.883 20.88 1 -115.898 46.132 
5 46.321 16.474 0.653 -17.598 110.24 
4 
6 57.021 21.274 0.882 -25.522 139.564 
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7 60.971 19.773 0.346 -15.749 137.691 
8 58.167 20.664 0.649 -22.009 138.342 
9 71.521 22.4 0.267 -15.39 158.432 
10 48.288 18.075 0.9 -21.843 118.418 
11 -0.467 19.328 1 -75.459 74.526 
12 -23.625 12.837 1 -73.433 26.183 
1 -46.124 14.406 0.262 -102.019 9.771 
2 -71.7 21.893 0.219 -156.643 13.243 
3 -81.204 22.224 0.087 -167.433 5.024 
4 -46.321 16.474 0.653 -110.24 17.598 
6 10.7 6.118 1 -13.039 34.439 
7 14.65 4.13 0.113 -1.374 30.674 
8 11.846 5.649 1 -10.073 33.764 
9 25.200* 6.439 0.046 0.216 50.184 
10 1.967 6.889 1 -24.761 28.695 
11 -46.788 14.043 0.191 -101.275 7.7 
5 
12 -69.946* 17.598 0.04 -138.226 -1.665 
1 -56.824* 13.645 0.025 -109.766 -3.882 
2 -82.4 22.849 0.098 -171.054 6.254 
3 -91.904* 22.485 0.03 -179.146 -4.662 
4 -57.021 21.274 0.882 -139.564 25.522 
5 -10.7 6.118 1 -34.439 13.039 
7 3.95 3.103 1 -8.091 15.991 
8 1.146 1.287 1 -3.849 6.141 
9 14.5 4.912 0.472 -4.559 33.559 
10 -8.733 6.26 1 -33.02 15.553 
11 -57.488* 14.274 0.035 -112.868 -2.107 
6 
12 -80.646 21.287 0.063 -163.24 1.948 
1 -60.774* 15.387 0.042 -120.477 -1.071 
2 -86.35 23.601 0.086 -177.919 5.219 
3 -95.854* 23.722 0.034 -187.896 -3.813 
4 -60.971 19.773 0.346 -137.691 15.749 
5 -14.65 4.13 0.113 -30.674 1.374 
6 -3.95 3.103 1 -15.991 8.091 
8 -2.804 2.473 1 -12.4 6.792 
9 10.55 3.591 0.488 -3.384 24.484 
10 -12.683 6.154 1 -36.56 11.193 
11 -61.438* 15.488 0.04 -121.531 -1.344 
7 
12 -84.596* 20.829 0.032 -165.413 -3.779 
1 -57.970* 14.282 0.032 -113.383 -2.556 
2 -83.546 22.872 0.088 -172.29 5.198 
3 -93.050* 22.822 0.031 -181.598 -4.502 
4 -58.167 20.664 0.649 -138.342 22.009 
5 -11.846 5.649 1 -33.764 10.073 
6 -1.146 1.287 1 -6.141 3.849 
7 2.804 2.473 1 -6.792 12.4 
9 13.354 4.692 0.603 -4.849 31.557 
8 
10 -9.879 5.511 1 -31.261 11.502 
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11 -58.633* 14.818 0.041 -116.125 -1.142 
12 -81.792 21.302 0.055 -164.441 0.858 
1 -71.324* 17.118 0.025 -137.741 -4.906 
2 -96.9 26.283 0.081 -198.878 5.078 
3 -106.404* 26.316 0.033 -208.511 -4.297 
4 -71.521 22.4 0.267 -158.432 15.39 
5 -25.200* 6.439 0.046 -50.184 -0.216 
6 -14.5 4.912 0.472 -33.559 4.559 
7 -10.55 3.591 0.488 -24.484 3.384 
8 -13.354 4.692 0.603 -31.557 4.849 
10 -23.233 9.199 1 -58.925 12.458 
11 -71.988* 17.66 0.031 -140.507 -3.468 
9 
12 -95.146* 23.22 0.029 -185.24 -5.052 
1 -48.09 15.323 0.304 -107.545 11.364 
2 -73.667 21.375 0.145 -156.602 9.269 
3 -83.171 22.025 0.065 -168.627 2.285 
4 -48.288 18.075 0.9 -118.418 21.843 
5 -1.967 6.889 1 -28.695 24.761 
6 8.733 6.26 1 -15.553 33.02 
7 12.683 6.154 1 -11.193 36.56 
8 9.879 5.511 1 -11.502 31.261 
9 23.233 9.199 1 -12.458 58.925 
11 -48.754 15.345 0.277 -108.294 10.786 
10 
12 -71.913 20.528 0.126 -151.562 7.737 
1 0.664 4.704 1 -17.586 18.914 
2 -24.913 13.643 1 -77.848 28.023 
3 -34.417 10.915 0.294 -76.766 7.933 
4 0.467 19.328 1 -74.526 75.459 
5 46.788 14.043 0.191 -7.7 101.275 
6 57.488* 14.274 0.035 2.107 112.868 
7 61.438* 15.488 0.04 1.344 121.531 
8 58.633* 14.818 0.041 1.142 116.125 
9 71.988* 17.66 0.031 3.468 140.507 
10 48.754 15.345 0.277 -10.786 108.294 
11 
12 -23.158 12.744 1 -72.606 26.289 
1 23.822 15.599 1 -36.701 84.345 
2 -1.754 16.768 1 -66.813 63.304 
3 -11.258 14.062 1 -65.818 43.301 
4 23.625 12.837 1 -26.183 73.433 
5 69.946* 17.598 0.04 1.665 138.226 
6 80.646 21.287 0.063 -1.948 163.24 
7 84.596* 20.829 0.032 3.779 165.413 
8 81.792 21.302 0.055 -0.858 164.441 
9 95.146* 23.22 0.029 5.052 185.24 
10 71.913 20.528 0.126 -7.737 151.562 
12 
11 23.158 12.744 1 -26.289 72.606 
Table 17: Pairwise comparisons test based on estimated marginal means. * signifies the 
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mean difference is significant at the .05 level. b is adjustment for multiple comparisons: 
Bonferroni. 
 
 4.4 Model Accuracy Evaluation 
In order to assess the accuracy of the FARSITE model in this study, fire 
simulations were made to match fire scars from previous fires in SLM. The first fire 
assessed occurred on March 23, 2008 while the second fire occurred on April 12 and 
April 13, 2011.  
The fire that occurred on March 23, 2008 burnt an area of 99.5 hectares (Figure 
17). The fire was spotted around 11:00am in the morning and was believed to have 
started around 10:00am. The fire was fully extinguished by the local brigade by 3:00pm. 
 
Figure 17: Actual extent of fire that occurred on March 23, 2008. Fire burned 99.5 
hectares.  
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A fire simulation using FARSITE was conducted for March 23, 2008 from 
10:00am to 3:00pm (Figure 18). The simulation produced an area burnt of 229.6 hectares, 
which was 131% larger than the actual fire. These findings would suggest that the model 
is severely overestimating the rate of fire spread in SLM.  
  
Figure 18: Simulation of fire that occurred on March 23, 2008. Simulated fire burned 
229.6 hectares.  
 
The issue of overestimation is common for the FARSITE program. As a result, an 
adjustment file can be added to tune the results to more accurately fit observed or 
expected results from the user. The FARSITE user’s manual explains how the adjustment 
factor chosen should reciprocate the under or overestimation (Finney, 1998). For 
example, if the spread rate is double the expected, one should use an adjustment factor of 
0.050 (Ibid). A second fire simulation was run for March 23, 2008 with an adjustment 
factor of 0.43 (Figure 19). The 0.43 value was chosen because it reciprocates the 131% 
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overestimation of the simulation. The simulation with the 0.43 adjustment factor 
produced an area burnt of 52.2 hectares, which is 48% smaller than the actual area burnt 
(Figure 20).  
 
Figure 19: Spread rate adjustment file created for March 23, 2008 fire simulation. 
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Figure 20: Simulation of fire that occurred on March 23, 2008 with 0.43 adjustment 
value. Simulated fire burned 52.2 hectares.  
 
To better assess the accuracy of the FARSITE model in SLM, several iterations 
were run to find the best adjustment factor. In this study, ad adjustment factor of 0.55 
proved to be the most effective. The actual fire burned 99.5 hectares and fire simulations 
using a 0.55 adjustment factor produce a fire of 100.7 hectares, which is an 
overestimation of 1.2% (Table 18).  
Fire Simulation: March 23, 2008 
Adjustment factor Fire size (hectares)  Accuracy 
0.53 86.6 -13.0% 
0.54 90.4 -9.1% 
0.545 91.1 -8.4% 
0.55 100.7 +1.2% 
0.56 117.3 +17.9% 
Table 18: Iterations with various adjustment factors for the March 23, 2008 fire. 
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The fire that occurred on April 12/13, 2011 burnt an area of 286.4 hectares 
(Figure 21). The fire was initiated around 5:00 PM in the evening on April 12, 2011 and 
was fully extinguished by the local brigade by 4:00pm on April 13, 2011.  
 
Figure 21: Actual extent of fire that occurred on April 12/13, 2011. Fire burned 286.4 
hectares. 
 
A fire simulation using FARSITE was conducted that started at 5:00pm on April 
12, 2011 and lasted until 4:00pm on April 13, 2011 (Figure 22). The simulation produced 
an area burnt of 592.6 hectares, which was 107% larger than the actual fire. These 
findings would also suggest that the model is again severely overestimating the rate of 
fire spread in SLM.  
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Figure 22: Simulation of fire that occurred on April 12/13, 2011. Simulated fire burned 
592.6 hectares.  
 
A second fire simulation was run for April 12/13, 2011 with an adjustment factor 
of 0.48 (Figure 23). The 0.48 value was chosen because it reciprocates the 107% over 
prediction of the simulation. The simulation with the 0.48 adjustment factor produced an 
area burnt of 222.1 hectares, which is 22% smaller than the actual area burnt.  
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Figure 23: Simulation of fire that occurred on April 12/13, 2011 with 0.43 adjustment 
factor. Simulated fire burned 52.2 hectares.  
 
To better assess the accuracy of the FARSITE model, several iterations were run 
to find the best adjustment factor. In this study, ad adjustment factor of 0.505 proved to 
be the most effective. The actual fire burned 286.4 hectares and fire simulations using a 
0.505 adjustment factor produce a fire of 297.5 hectares, which is an overestimation of 
3.9% (Table 19).  
Fire Simulation: April12/13, 2008 
Adjustment factor Fire size (hectares)  Accuracy  
0.48 222.1 -23.0% 
0.49 234.2 -18.2% 
0.5 250.5 -12.5% 
0.505 297.5 +3.9% 
0.51 298.6 +4.3% 
0.52 335.4 +17.0% 
Table 19: Iterations with various adjustment factors for the April 12/13, 2011 fire.  
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The FARSITE fire model overestimated fire spread rates by 131% and 107% for 
the March 23, 2008 and April 12/13, 2011 fires, respectively. However, when an 
adjustment factor file of 0.55 and .505 were used, the FARSITE model overestimated fire 
spread rates by 1.2% and 3.9% for the March 23, 2008 and April 12/13, 2011 fires, 
respectively. These findings suggest that adjustment factor files can be used to accurately 
model fire, but must be precisely calibrated.  
 
CHAPTER 5  
DISCUSSION AND CONCLUSION   
5.1 Study Conclusions 
The results of this study suggest that firebreaks are 100% effective at stopping 
fire. These are pleasing results for the management of SLM, especially considering the 
model overestimates fire, according to this study. However, the locality of these 
firebreaks also needs to be taken into consideration. The Los Encinos firebreak is located 
in a low-lying area that is mostly composed of SH1 or SH2 vegetation. The average size 
of fire after a 23-hour simulation was 1.5 hectares. This would suggest that fire is not a 
threat in this area anyway. This firebreak was an abandoned road and was created during 
2009 because the fire budget was tight. There is little vegetation in this area and the slope 
is not great. Firebreaks should only be constructed in areas where they will be effective.  
This study will help SLM answer questions in regards to the efficacy of firebreaks 
against fires. However, there are many other factors that must be taken into consideration 
with these firebreaks. Primarily, making sure that firebreaks are located in areas that are 
fire prone is of great importance. The Los Encinos firebreak is located at the periphery of 
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the town of Los Encinos, which serves as a great buffer against anthropogenic fires that 
may break out in the community. However, it is largely located in areas that contain SH1 
and SH2 vegetation cover where the threat of fire is negligible. It is crucial to construct 
firebreaks in areas of SH5 or SH7 vegetation where fire actually poses a serious threat.  
Moreover, these firebreaks should be constructed in areas that are not easily accessible 
with trucks or all-terrain vehicles. All three firebreaks were constructed in areas that are 
relatively easy to access with a motorized vehicle. Meanwhile, many places within SLM 
have steep slopes and can only be accessed by traveling up to one hour by foot. These 
areas must be of high concern and priority for firebreaks as they would be the only 
resistance against high intensity wildfire. 
The results revealed that the SH5 vegetation type experienced the fastest rate of 
fire spread. This did not correlate with the hypothesis of the study as the SH7 vegetation 
type was hypothesized to experience the fastest rate of fire spread. The SH7 vegetation 
type contains the most biomass with 6.9 tons of fire fuel per hectare. However, much of 
the biomass in this vegetation class is attributed to large shrubs and pine species like 
Pinyon pine (Pinus cembroides) and Ponderosa pine (Pinus ponderosa). In order for a 
canopy fire to develop in these species, it would require a considerable amount of time. 
Pine forests contain a great deal of secondary growth, or ‘wood’, which takes 
considerable time to burn. Perhaps the 6-hour simulations that were run in this study did 
not provide sufficient time for crown fires to develop in the SH7 vegetation model. Even 
if the crown fires did develop, the spread rate may not be an accurate way to assess 
damage. The fires that occurred in the SH7 vegetation may have consumed more 
biomass, but less area.  
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The results revealed that the month of March experienced the fastest rate of fire 
spread (M=117.250). This did not exactly correlate with the hypothesis of the study as 
April was expected to experience the fastest rate of fire spread (M=82.367). The average 
daily temperature in April (19.60˚C) is warmer than March (16.52˚C). However, the 
average rainfall is substantially higher in April (0.86 mm day-1) than March (0.58 mm 
day-1). It is difficult to assess the exact effect of weather data, as the FARSITE algorithm 
is complex. However, the FARSITE user’s manual summarizes some of the complexities 
of the FARSITE model. The trends of higher humidity with lower temperatures leads to 
decreased fire intensity (Finney, 1998).  This is confirmed by the findings in this study. 
March had the greatest average size of fire (117.250 ha.) followed by February (107.746 
ha.) and December (105. 992 ha.). Upon further review, these findings correlate with the 
literature. The dry winter is the most vulnerable season for large, catastrophic fires. The 
month of March is the most vulnerable.   
The results of this study also reveal that September experienced the slowest 
average rate of fire spread (10.846 ha.). The average daily temperature in September is 
19.59˚ C, which is 18.6% higher than the March average (Servicio Meteorológical 
Nacional, 2010). However, the average rainfall in September of 2.81 mm day-1 is 384% 
higher than the 0.58 mm day-1 in March (Ibid). This 384% increase in precipitation would 
have a substantial effect on fuel moisture. September, a month of high humidity, is the 
most ideal time to implement prescribed burns and March, a month of low humidity, is 
the month most vulnerable to large catastrophic fire.   
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5.2 Limitations of Results 
The study area in this study had complex topography.  Many areas were flat while 
some of the mountains had slopes as great as 49˚. As a result, there were likely 
considerable anisotrophic effects in the satellite image used in this study. Anisotrophic 
effects are variations in the spectral response of a complex surface (Tottrup, 2007). Due 
to anisotrophic effects, a non-Lambertian Minnaert’s topographic correction was carried 
out. The results of this topographic correction can have minimal efficacy when surfaces 
have great complexity like in this study (Ibid).  Linear mixture modeling (LMM) would 
be an ideal method for correcting anisotrophic effects in images that contain pixels of 
mixed composition, like in this study (Ibid). LMM is a measure that corrects surface level 
reflectance per pixel. The end result is a set of images that contain corrected reflectance 
values for each individual pixel in the image (Ibid).  
The FARSITE model grossly over-predicted fire rate spread in this study without 
a spread rate adjustment file. This may lead one to believe that the FARSITE model and 
its fuel models cannot be applied to SLM or the Chihuahua desert of Mexico. However, 
this may not be true. The adjustment file allows the user to calibrate the rate of fire spread 
for each fuel model based on observed or predicted fire patterns within the study area. 
The adjustment file is a floating-point value (>0) that is multiplied by the rate of fire 
spread and is used commonly in FARSITE applications to tune fuel models (Davis et al., 
2010). The adjustment factors of 0.55 and 0.505 most accurately simulated fires from 
March 23, 2008 and April12/13, 2008, respectively. This suggests that an adjustment 
factor could be used to accurately model fire in SLM, but further work must be conducted 
in order to calibrate precise adjustment factors for each fuel model. More iterations would 
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need to be made within each vegetation type to find the best value for each fuel model. In 
future studies I will employ the model accuracy evaluation first to find appropriate 
adjustment values for each vegetation class.  
The FARSITE program requires users to manually find adjustment factors 
through trial and error. The FARSITE program should create a type of recursive 
algorithm that continuously compiles values until the desired output value is reached. 
This would allow fire management professionals to accurately find adjustment factors in 
a timelier manner.  
The FARSITE model grossly over-predicted fire rate spread in this study. This is 
a common issue with the FARSITE model (Finney, 1998). As stated in the FARSITE 
user’s manual, all fuel models tend to over-predict fire spread rate (Rothermel, 1972). 
Simulating fire over large distances or time often over predicts fire size due to the coarse 
spatial and temporal scale of the data (Ibid). The model assumes homogeneity when there 
may be small-scale variables that would slow or stop fire. This is an inherent problem 
with the model.  Many studies use data with a resolution of 30-meter, as the data can 
generally be obtained free of charge. However, other studies have been conducted using 
high-resolution data with prominent results. In particular, a study by Mutlu et al. was 
conducted that integrated 2.5-meter resolution QuickBird and LIDAR data (2008). The 
cost of the data was $36,536, but lead to significantly more accurate results (Ibid). The 
cost of the data was significantly less than the cost of land lost due to fire (Ibid). Accurate 
data may be expensive, but can be justified, as it is essential to the accuracy of FARSITE 
results. The findings from this study suggest that SLM should consider obtaining higher 
quality data in order to retrieve more accurate results from FARSITE fire modeling.  
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The fuel data in the study were obtained on the basis of an image from 2008, 
while the meteorological data was from 2003. The discretion in the fuel models, as well 
as the temporal discrepancies between the satellite image from 2008 and meteorological 
data from 2003 are significant sources of potential error. A current satellite image is 
necessary because a recent fire would consume the fuel in the area and render the area 
incombustible from fire.   
In this study, model accuracy was assessed on the basis of total area burned. 
Future research will need to measure the exact shape and location of the simulated fire vs. 
the actual fire and use that as an additional metric of accuracy.  
5.3 Closing Remarks 
Mexico is the fifth most biologically diverse country in the world (Groombridge 
& Jenkins, 2002) and the most biologically diverse in cacti (NPS, 2002). Wildfire has 
been a primary threat to ecology in Mexico and studies suggest that wildfires will pose a 
greater threat in the future with the exacerbation of climate change (Gebow & Halverson, 
2005). With this increasing threat, wildfire management in Mexico needs to adapt new 
technologies in an effort to make best management decisions with limited resources. 
FARSITE stands at the forefront of fire modeling in the United States as it integrates 
many aspects of fire behavior that other programs neglect and should be used as a 
management tool in Mexico (Keane et al., 2000).  
This study provides a solid foundation for wildfire management with innovative 
geospatial technologies and, in particular, FARSITE fire modeling in SLM and 
CONANP of Mexico. Further research and work needs to be done in order to obtain more 
accurate results. It is imperative that future forest fires are well documented and 
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simulated in FARSITE to better calibrate adjustment factors to reflect wildfire in SLM. 
Ideally, custom fuel models should be created for the various vegetation types throughout 
SLM.  
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